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Abstract

Predicting volatility and correlation in financial assets is crucial for assessing financial

risk and achieving effective portfolio diversification. However, conventional economet-

ric models used for forecasting volatility and dependence structures have frequently been

criticized for their limited predictive performance. Consequently, the adoption of deep

learning techniques for volatility and correlation forecasting has emerged as a logical al-

ternative. Nevertheless, although the application of machine learning models in volatility

prediction has advanced considerably, these approaches still face challenges in effectively

capturing market noise and key stylized facts, such as volatility clustering and leverage

effects. These considerations highlight the potential for integrating traditional economet-

ric models with deep learning techniques, particularly convolutional neural networks and

long short-term memory networks, an area that still requires further exploration. In this

thesis, we investigate the integration of GARCH-type models with a CNN–LSTM hybrid

framework to enhance the accuracy of volatility prediction in financial markets. Convo-

lutional neural networks (CNNs) are effective in identifying local spatial patterns in time-

series data, whereas long short-term memory (LSTM) networks are capable of retaining

crucial information over extended temporal horizons. In addition, GARCH models are

well known for their ability to capture key stylized facts of financial returns, including

volatility clustering and excess kurtosis.

For GARCH-type model selection, several model adequacy and selection criteria are con-

sidered, including the Akaike Information Criterion (AIC), Bayesian Information Cri-

terion (BIC), maximum log-likelihood values, and the statistical significance of model

parameters. Furthermore, the mean-reversion property of volatility dynamics is evaluated

under alternative distributional assumptions, such as the normal, Student’s-t, and gener-

alized error distributions. The CNN and LSTM models are subsequently selected due to
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their complementary capabilities in volatility prediction. The forecasting performance of

the proposed hybrid models is evaluated using loss functions computed from daily out-of-

sample test data for the S&P 500 index. Specifically, Mean Squared Error (MSE), Root

Mean Squared Error (RMSE), and Mean Absolute Error (MAE) are employed as eval-

uation metrics. The empirical results indicate that the proposed GARCH–CNN–LSTM

model outperforms alternative hybrid specifications, achieving up to a 13% improvement

in forecasting accuracy over the study period.

Furthermore, this study proposes a DCC–EGARCH model integrated with a Long Short-

Term Memory (LSTM) network to model multivariate volatility and to obtain more pre-

cise estimates of dynamic correlations. The DCC–EGARCH framework effectively cap-

tures asymmetric effects in standardized residuals within the conditional covariance struc-

ture, while the LSTM network is capable of learning long-term dependencies and complex

temporal patterns in sequential data. Consequently, the combined framework is expected

to enhance forecasting accuracy for dynamic correlations across stock market indices as

well as selected agricultural commodities.

In particular, the volatility dynamics and time-varying correlations among the S&P 500,

the Shanghai Stock Exchange Composite Index (SHCOMP), the NIFTY 50 of the Na-

tional Stock Exchange of India, and the S&P/TSX Composite Index of Canada are em-

pirically examined. The experimental results indicate that incorporating LSTM into the

DCC–EGARCH framework substantially improves forecasting performance, as evidenced

by lower Mean Squared Error (MSE) and Mean Absolute Error (MAE) values. Overall,

the findings demonstrate that the proposed DCC–EGARCH–LSTM hybrid model outper-

forms alternative DCC specifications, highlighting the effectiveness of integrating deep

learning techniques to achieve more reliable and accurate predictions of dynamic correla-

tions in financial markets.
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In the nutshell, we integrated econometric ARCH -type models with hybrid deep learning

models for more accurate univariate and multivariate volatility and correlation prediction

in selected agricultural commodities and stock market indices.
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Chapter 1

Introduction

1.1 Background of the Study

Forecasting volatility and correlation is a key part of making financial decisions, man-

aging risk, and deciding how to distribute assets. Thus, precise prediction of these two

market traits gives an opportunity for investors, portfolio managers, and policymakers

to make better choices and deal with uncertainty more effectively. In financial markets,

volatility reflects the degree of variability in asset prices over time, while correlation mea-

sures the degree to which different financial assets move together.

Volatility has three stylized facts. The first is volatility clustering which the empirical ev-

idence dates back to the well-known pioneering studies of Mandelbrot (1963) [120] and

Fama (1965) [121] demonstrated that large price (small price) changes tend to be followed

by large price (small price) changes. The second asymmetric behavior of volatility in fi-

nancial market is the leverage effect, in which depreciation (a downward movement) is

always followed by higher volatility (volatility is high after negative shocks) while appre-

ciation (upward movement) is followed by low volatility (volatility is low after positive

shocks). There is evidence that bad news has higher volatility than good news which indi-

cates that volatility is higher after negative shocks than after positive shocks of the same

magnitude [68]. The third crucial stylized fact of volatility is the tail behavior or kurtosis
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of a continuous random variable. The shifting of the distribution either to the right or to

the left from the normal distribution.

Together, these fundamental measures are essential for evaluating market risk, determin-

ing optimal portfolio diversification strategies, and assessing the stability of the financial

system. Given their importance, the development of accurate and reliable models for

forecasting volatility and correlation has become a central focus in the fields of financial

econometrics and quantitative finance.

Conventional econometric models have been extensively employed for several decades to

forecast financial market volatility and dependence structures. In particular, the Autore-

gressive Conditional Heteroskedasticity (ARCH) and Generalized Autoregressive Condi-

tional Heteroskedasticity (GARCH) models are among the most widely used and influ-

ential frameworks in financial econometrics. Their popularity stems from their ability to

capture key stylized facts observed in financial time series, including volatility clustering,

leptokurtosis (fat-tailed distributions), and time-varying conditional variance.

Furthermore, numerous extensions of the GARCH family have been proposed to improve

model flexibility and empirical performance. For instance, asymmetric specifications such

as the Exponential GARCH (EGARCH) and the Glosten–Jagannathan–Runkle GARCH

(GJR-GARCH) models are designed to account for leverage effects and the asymmet-

ric response of volatility to positive and negative market shocks. In addition, multivari-

ate frameworks, particularly Dynamic Conditional Correlation (DCC) models, have been

widely applied to capture the evolution of time-varying correlations across different fi-

nancial assets and markets.
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Although, these traditional econometric models have been used extensively their pre-

dictive accuracy and capacity to adjust to the intricacies of contemporary financial mar-

kets have come under growing criticism. Their parametric nature and linear structure

frequently restrict their ability to model complex and nonlinear dynamics[134]. These

models are unable to adequately capture the abrupt regime shifts, structural breaks, and

evolving patterns that are common in financial time series data. Because of this, their

forecasting abilities may suffer in erratic and unpredictable market circumstances, under-

scoring the necessity for more advanced and flexible modeling techniques.

In recent years, there have been new opportunities to improve financial forecasting due to

the rapid development of deep learning and machine learning techniques. Deep learning

models have shown remarkable success in domains such as speech processing, natural

language understanding, and fraud detection because they can automatically extract com-

plex nonlinear patterns from large datasets. Two of these methods that have attracted

increased attention in the financial sector are convolutional neural networks (CNNs) and

Long Short-Term Memory (LSTM) networks. CNNs are particularly adept at identifying

local and spatial patterns in time series data, whereas LSTMs excel at capturing long-term

dependencies and temporal relationships. Their complementary benefits make them use-

ful tools for financial time series forecasting.

Despite their ability to extract non-linear features, deep learning methods alone face chal-

lenges such as noise, volatility clustering, and the leverage effect when applied to finan-

cial data [135]. Unlike physical or engineering systems, financial markets are inherently

noisy, influenced by behavioral factors, and characterized by stylized facts such as volatil-

ity clustering and leverage effects. Purely data-driven deep learning models may fail to

capture these characteristics effectively, leading to instability or reduced interpretability.

This limitation highlights the potential benefits of hybrid modeling approaches that com-

bine the strengths of econometric models—known for their capacity to handle stylized
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facts and provide statistical interpretability—with the flexibility and predictive power of

deep learning techniques.

The need for accurate volatility and correlation forecasting is particularly critical in an in-

creasingly interconnected global financial system. Shocks originating in one market can

rapidly transmit to others through various channels, amplifying systemic risk. Model-

ing dynamic correlations between key stock market indices and other asset classes, such

as agricultural commodities, is therefore essential for portfolio diversification, hedging

strategies, and financial stability monitoring. While DCC and EGARCH models provide

useful frameworks for modeling time-varying correlations, they can be further enhanced

by incorporating deep learning components that capture nonlinear temporal dynamics

more effectively. The integration of LSTM networks with DCC-EGARCH models can

improve their ability to predict dynamic correlations under changing market conditions.

This thesis explores these opportunities by investigating the predictive performance of hy-

brid econometric and deep learning models for both univariate and multivariate volatility

and correlation forecasting. Specifically, the study develops and tests integrated models

such as GARCH–CNN–LSTM for volatility forecasting and DCC-EGARCHC–LSTM

for dynamic correlation prediction. The empirical analysis focuses on major global stock

indices, including S&P 500, Shanghai Stock Exchange Composite Index (SHCOMP), Na-

tional Stock Exchange of India (NIFTY 50), and Toronto Stock Exchange (TSX), as well

as selected agricultural commodities. By employing evaluation metrics such as Mean

Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error

(MAE), the study assesses the extent to which hybrid models outperform single model

approaches.

In conclusion, this thesis is motivated by the need to improve the accuracy and reliability

of volatility and correlation forecasts in financial markets. By Combining the statistical
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rigor of econometric models with the predictive strength of deep learning techniques, this

study aims to contribute to both academic literature and practical financial applications.

The findings are expected to support better risk management strategies, improve portfolio

allocation, and provide valuable insights for financial institutions, investors, and policy-

makers in managing uncertainty in increasingly complex and interconnected markets.

.

1.2 Statement of the Problem

Accurately predicting volatility and correlation in financial markets remains one of the

most challenging and essential tasks in modern finance. Volatility reflects the level of un-

certainty and risk associated with asset price movements, while correlation indicates the

degree of co-movement between different financial assets. Together, they play a central

role in portfolio classification, asset pricing, and financial risk management. Inaccurate

forecasts can lead to poor investment decisions, mispricing of financial instruments, and

inadequate hedging strategies—ultimately exposing investors and institutions to signif-

icant financial losses. Therefore, the development of reliable volatility and correlation

forecasting models is a critical priority in financial research and practice.

Conventional econometric models such as Exponential Generalized Autoregressive Con-

ditional Heteroskedasticity (EGARCH) and Dynamic Conditional Correlation (DCC) have

been extensively used to model volatility and dependence structures. Although these mod-

els effectively capture some stylized facts of financial time series, including volatility clus-

tering, leverage effects and time-varying correlations, they exhibit limited flexibility and

adaptabilty which restrict their predictive power when dealing with nonlinear and com-

plex market dynamics [68, 60]. Their forecasting accuracy often deteriorates in highly
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volatile or rapidly changing market conditions. Moreover, their parametric structure re-

stricts their ability to adapt to new patterns in financial data, reducing their effectiveness

for modern risk management applications.

On the other hand, recent advancements in deep learning techniques particularly Convolu-

tional Neural Network (CNN) and Long Short-Term Memory (LSTM) have shown strong

potential in handling complex, nonlinear relationships in time series data. CNNs can

efficiently extract local and spatial patterns, while LSTMs are capable of learning long-

term temporal dependencies. However, these models alone struggle to account for certain

financial characteristics such as leverage effects, volatility clustering, and fat-tailed dis-

tributions, which are essential for realistic volatility modeling [138]. Additionally, both

CNN and LSTM models lack providing statistically interpretable parameters (like per-

sistence, asymmetry), interpretability and structured assumptions that econometric mod-

els provide, such as ensuring positive semi-definite correlation matrices or quantifying

volatility persistence. This creates a methodological gap between the statistical inter-

pretability of econometric models and the predictive power of deep learning approaches.

Furthermore, the increasing interconnectedness of global financial markets requires not

only accurate univariate volatility forecasting but also precise modeling of dynamic cor-

relations across multiple assets and markets. This is particularly relevant for major stock

market indices and agricultural commodities, which are influenced by global shocks, pol-

icy changes, and macroeconomic uncertainty. Traditional correlation models often fail to

capture nonlinear and evolving dependence structures, leading to less reliable risk assess-

ments and portfolio strategies.

Given these challenges, there is a need for hybrid modeling frameworks that can integrate

the strengths of econometric models and deep learning techniques. Such models should

be capable of capturing stylized facts, learning complex nonlinear patterns, and adapting



1.3. Objective of the Study 7

to dynamic market environments. This study addresses this gap by developing and em-

pirically testing hybrid models that combine GARCH-type models with CNN and LSTM

architectures for volatility forecasting, as well as integrating LSTM into DCC-EGARCH

frameworks for dynamic correlation prediction. The focus is on improving predictive

accuracy and robustness in both univariate and multivariate settings across major stock

market indices and selected agricultural commodities.

1.3 Objective of the Study

1.3.1 General Objective

The general objective of this thesis is to develop hybrid deep learnig integrated with asym-

metric autoregresive heteroscedastic type models to predict volatility and covariance in

financial markets.

1.3.2 Specific Objectives

This thesis has the following specific objectives:

• To develop and identify appropriate ARCH-family models for forecasting the price

returns of selected agricultural commodities, capturing volatility dynamics and styl-

ized facts such as clustering and leverage effects.

• To design a hybrid econometric–deep learning model for univariate volatility fore-

casting in stock market indice, improving predictive accuracy and robustness com-

pared to conventional models.
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• To construct a multivariate DCC-EGARCH-LSTM hybrid model for dynamic con-

ditional correlation estimation among major stock market indices, enhancing the

accuracy of correlation forecasts for improved risk management and portfolio di-

versification.

1.4 Significance of the Study

This study is significant, because it provides practical, theoretical, and policy-relevant

contributions to financial markets, agricultural commodity management, and risk mitiga-

tion. By integrating deep learning techniques with autoregressive volatility and correla-

tion models, the study offers robust forecasting tools that can enhance decision-making

for multiple stakeholders.

The specific benefits and significance of this research include:

1. Supporting Farmers, Traders, and Policymakers: The models developed in this

study can help stakeholders manage price risk by providing reliable forecasts of

commodity price volatility. This enables informed decisions regarding production

planning, storage strategies, and optimal timing for sales, minimizing losses and

maximizing returns.

2. Guiding Market Participants Along the Value Chain: By offering actionable in-

sights into price dynamics, this research assists all actors in the market chain—from

producers to distributors and retailers—in making informed strategic decisions that

align with market conditions.
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3. Informing Investment and Portfolio Strategies: The hybrid models provide early

information to investors, enabling them to monitor and manage both local and inter-

national portfolios. The ability to forecast volatility and correlations across coun-

tries allows for more effective portfolio diversification and risk reduction.

4. Enhancing Market Stability: By anticipating sudden price fluctuations caused

by weather events, supply disruptions, or policy changes, the study contributes to

stabilizing financial and commodity markets. This reduces the adverse effects of

unexpected shocks on both domestic and global markets.

5. Facilitating Risk Management for Traders and Investors: The research helps

traders, investors, and risk managers understand and forecast price movements in

stock indices and commodities. This supports risk management strategies and helps

identify profitable trading opportunities while mitigating exposure to extreme mar-

ket fluctuations.

6. Understanding Macroeconomic Implications: By analyzing the effects of cur-

rency movements, exchange rates, and capital flows across countries, the study

provides insights into how global financial interconnections influence local and in-

ternational markets. This information is valuable for policymakers, international

investors, and central banks in decision-making processes.

Overall, this research bridges the gap between advanced quantitative modeling and

practical financial and commodity market applications. By integrating econometric mod-

els with deep learning approaches, the study delivers tools that improve forecasting ac-

curacy, support strategic decision-making, and enhance market efficiency and stability in
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increasingly complex and interconnected financial systems.

1.5 Limitation of the Study

High frequency data for stock market index and daily price data of agricultural commodies

are crutial in modeling realized volatility and correlation for checking the performance

of the model. The basic limitation of this study is availability of quality and adequate

amount of daily and high frequency financial asset data. Thus, we have used daily closed

stock market index and weekly retail price data of selected agricultural commodities in

the empirical data analysis. Moreover due to the availability of daily and high frequency

data in Ethiopia, particularly for training deep learning approaches, we were forced to

consider stock market indices for model building.

1.6 Structure of the Thesis

This thesis is organized as follows: In chapter one, we present the background of the

study, statement of the problem, objectives of the thesis and significance. chapter two ex-

plores the theoretical and supportive literature review related to the work. This includes

theoretical and empirical findings on volatility and correlation models of asset returns.

Chapter three covers basic preliminary concepts, model validation tests,and types of error

distributions used in model building. Additionally, it presents maximum log-likelihood

estimation, performance metrics, fundamental concepts in deep learning neural networks,

and activation functions, which serve as the foundation for the subsequent chapters. In

chapter four, we present univariate GARCH type volatility and deep learning hybrid mod-

els in forecasting the volatility of selected agricultural commodities and stock market. In

this chapter empircal data analysis in asymmetric GARCH extention models under dif-

ferent error distributions for the retail price of teff, maize, wheat and barley and identi-

fies appropriate volatility predictive models for each commodity. Chapter five deals with
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modeling and predicting the volatility and time varying correlation of stock market in-

dices and some selected agricultural commodities by multivariate GARCH type models

with Long Short-Term memory hybrid model was presented. Chapter six finally presents

the conclusion and future work direction of the thesis.
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Chapter 2

Literature Review

In this chapter, an overview of research work with the relevant background related to the

work presented in the thesis is provided. We have tried to give a comprehensive overview

of related work. Thus, this chapter clearly concentrates mainly on previously investigated

volatility and correlation researchs closely related to the work presented later.

The first popular model for forecasting volatility is autoregressive conditional heteroscedas-

ticity (ARCH) pioneered by Robert Engle (1982) [44] in which the forecast of the volatil-

ity is derived from historical time series data. The time varying volatility of asset return

is a function of squared shocks of the past q lags. However, there are some limitations

of ARCH (q) model. Among the drawbacks, how to decide the appropriate number of

lags of the squared residual in the model; it is symmetric to the bad news and good news;

the large value of q may induce a non- parsimonious conditional variance model. To

overcome some of these problems Bollerslev (1986) [39] developed generalized autore-

gressive conditional heteroscedasticity (GARCH) that is efficient model to estimate and

analyze time-varying volatility of asset returns as the combination of p lags in previous

square shocks and q lags in previous variance.

GARCH (p,q) model is a more parsimonious model than ARCH (q) model and pro-

vides better framework for time-varying volatility estimation. Additionally, GARCH (p,q)
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model can effectively remove the excess q lags of the shocks. Particularly, GARCH (1,1)

model is widely accepted as a benchmark framework for modeling volatilities of many

financial time series. However, the standard symmetric GARCH (p,q) model also has

three underlying limitations. The first is the requirement that the conditional variance is

positive and to keep this the coefficient parameters forced to be positive. The only way

to avoid this problem is to place the constraints for coefficients to force them to be pos-

itive. The second limitation is that it cannot explain the leverage effect, although it has

good performance for explaining volatility clustering and leptokurtosis in a time series.

Thirdly, the direct feedback between the conditional mean and conditional variance is not

allowed by the standard GARCH (p,q) model. Small shocks may have little effect, while

large shocks can causes unproportional volatility change.

In order to overcome the limitations of the standard symmetric GARCH (p,q) model, a

number of extensions have been introduced, such as the asymmetric TGARCH(p, q, r),

GJR-GARCH (p, q, r), EGARCH (p, q) and power GARCH (p, q) models which can

better capture the leverage effects and make the model more efficient in modeling and

forecasting the dynamics of financial time series.

Many scholars explored that the asymmetric GARCH models EGARCH, TGARCH, GJR-

GARCH highly provide significantly better forecast the volaility of assets more than sym-

metric GARCH models which exhibit leverage effects [58, 59, 60, 61]. [131] studied the

volatility of Real Estate Investment Trusts (REITs) using standard GARCH models with

different error distributions, and investigated that the sGARCH with a generalized error

distribution outperforms other models in forecasting volatility.

The approach of machine learning algorithms has been growing to enhance the accuracy

and reliability of stock market volatility forecasting [75, 82]. Numerous deep learning

models have been used in the prediction of stock market indices and correlation of the
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price volatilities [90, 89, 88]. LSTM is a type of artificial neural network architecture

used in deep learning, specifically designed to address the issue of long-term dependen-

cies in sequential data as the traditional recurrent neural network tends to forget important

information from earlier parts of the sequence because of issues like vanishing gradient

[86, 87, 84, 85].

The combination of multi GARCH type models and the LSTM has better prediction per-

formance in the stock price index volatility of COSPI 200 [52]. The hybrid model of

EGARCH and the feed forward artificial neural network demonstrated better volatility

forecast in S&P 500 return index [45]. The hybrid model of ARIMA GARCH and LSTM

model outperformes the single alone models in the prediction of stock market time series

data [40].

Kim, H. Y., & Won, C. H. (2018) [62] used Long Short-Term Memory combined with var-

ious generalized autoregressive conditional heteroscedasticity (GARCH)-type models in

modeling and forecasting the volatility of COSPI 200 and the combination of more than

one single econometric models, hybrid with LSTM model has better performance than

the other heteroscedastic GARCH extension models as well as the deep forward neural

(DFN) model.

1D CNN recently, has been used in time series data for forecasting purpose.1D-CNN

framework for stock price forecasting demonstrates CNN’s ability to capture nonlinear

temporal dependencies and achieve superior prediction performance compared to tradi-

tional statistical baselines (ARIMA) and comparability with LSTM, with additional inter-

pretability insights [139]. Additionally,electricity load forecasting and it gives accurate

forecasts in multistep temporal data [140],and other time series predictions [141, 142,

144, 143].
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Vidal, A., & Kristjanpoller, W. (2020) [71] proposed two deep learning networks: Con-

volutional Neural Network (CNN) hybrid with Long Short-Term Memory to predict gold

price volatility for risk hedge and portfolio diversification, which significantly improves

the forecasting performance of GARCH and LSTM.

Kristjanpoller, W., & Minutolo, M. C. (2016) [63] used the integration of Artificial Neural

Network (ANN) that enables to capture the non linear features of the time series with the

autoregressive econometric GARCH model that handles the conditional heteroscedastic-

ity to predict time varying oil price volatility and the model out performs other statistical

models. The implication of the model is not only providing oil volatility future market

dynamic information for trade participants but also motivations for reseachers in hybrid

deep learning architectures.

Jardine, A.K.S., Carver, R.B., & Yu, D.L.K.C. (2020) [64] explored autoregressive inte-

grated moving average (ARIMA) combined GARCH volatility dynamic hybridized with

Long Short-Term Memory (LSTM) leveraging GARCH for linear structure, while LSTM

enables to capture long term and non linear relationships of financial time series data in

predicting volatility forecasting.

Amirshahi, B., & Lahmiri, S. (2023) [65] used the combination of deep learning and

GARCH extension models with different error distributions in the prediction of cryp-

tocurrencies volatility and the result showed that deep feed forward neural network and

LSTM improves the prediction power of the GARCH models in all error distributions.

Dynamic conditional correlation model is an econometric parametric method that used to

model and forecast the time varying volatility and conditional correlation of multivariate

asset retuns from covariance matrices of each univariate standardized residuals in the au-

toregressive conditional volatility and Cholesky decomposition proces [77].
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Aielli, G. P. (2013) [78] improved the dynamc conditional correlation (DCC) by recursive

updating the conditional correlaton in the covariance matrix and this enables the model

parameter consistent estimator and better statistical properties.

Bauwens, L., & Otranto, E.(2020) [66] introduced dynamic conditional correlation of

stock markets with regime switching that provides a specific relation for each and they

imply a nonlinear autoregressive form of dependence on lagged correlations and are based

on properties of the Hadamard exponential matrix. Moreover, the model with GARCH

dynamics out performs the other conditional correlation models in forecasting perfor-

mance.

Wang, H., Liu, C., Tran, M.-N., & Wang, C. (2025) [79] used enhanced deep learning

multivariate GARCH model which is LSTM-BEEK that leverages the structural strengths

of BEKK while enhancing it with LSTM’s ability to capture nonlinear and long-term dy-

namics. The empirical result demonstrates that the combined model out performs both

BEEK and DCC in equities covariance and correlation prediction accuracy interms of

negative log-likelihood metrics.

There have been many studies on the dynamic correlation and spillover effects on the

S&P 500, the Shanghai Composite index, and NIFTY 50 [91, 83, 92, 93]. However,

improving the prediction accuracy of stock market index correlation is a crucial part of

financial economics, as it plays a fundamental role in investment risk hedging, portfolio

management, and diversification of trading strategies.

Many researchers have employed DCC-GARCH model to predict the correlations be-

tween stock indices and other assets. Specifically it is favored for its balance of flexi-

bility and parsimony in modeling time-varying correlations and it decouples univariate

volatility dynamics from the correlation structure, enabling dynamic co-movements to
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be tracked with a manageable parameter count as the asset set grows, which underpins

its widespread use in forecasting covariances, risk management, and portfolio optimiza-

tion. In addition, the framework benefits from computational efficiency relative to fully

parameterized MGARCH models, robust interpretability through a clear separation of

volatility and correlation components, and broad applicability across markets, where it

often captures contagion and evolving linkages while remaining a strong benchmarking

tool against more complex specifications [94, 97, 95, 96, 98, 99, 100]. However, the

model has limitations in capturing complex, nonlinear temporal dependencies of financial

data series. The model leads to instability in highly volatile data that gives incorrect risk

estimation [80]. The other draw back of DCC-GARCH is that the covariance parameters

a and b are scalars that ensure a positive definite matrix for the time series which leads

the same dynamics. In addtition, it is limitted in capturing tail dependence and also path

dependent [133, 81].

The DCC-EGARCH model better captures the leverage effects and volatility clusters and

adapts to market changes that describes the conditional relations between asset returns.

Many research has been utilized this model to predict the covariance and correlation mul-

tivariate assets [101, 102, 103].

On the other hand, LSTM networks have significant merits in covariance and correlation

prediction in time series. Their ability to capture the long-term dependence of the time

series and non-linear series and forecast dynamic relationships over time makes them

particularly useful [104]. The advantages of DCC asymmetric GARCH with the combi-

nation long short-term memory enhances the performance of modeling and predicting the

correlation of stock market indices as well as agricultural commodities.



18

Chapter 3

Preliminary Concepts

3.1 Basic Tests in Return Data

3.1.1 Augmented Dickey-Fuller (ADF) test

To model, predict, and make decisions using statistical methods, the return series should

be stationary so that past behavior can serve as an adequate predictor of future trends. The

mathematical definition of stationarity depends on the type under consideration: strict

stationarity or weak stationarity.

A time series Xt is said to be strictly stationary if P(Xt1;Xt2; :::;Xtk) = P(Xt1+h;Xt2+h; :::;Xtk+h)

that is k time series data and the same number of time series k having lag h have the

same probability distribution. While,Weak stationarity requires that the first two moments

(mean and variance) of the time series are time-invariant. Mathematically:

E[Xt ] = m , constant mean

Var(Xt) = s2, constant variance

Cov(Xt ;Xt+h)=g(h) , the covariance between Xt and Xt+h is a function of the time dif-

ference h not on time t.

Dyt = a +bt + gyt�1 +
p

å
i=1

(siDyt�i + et ; (3.1.1)
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where a is constant (drift), bt is the trend intercept, g is the coefficient of the lag of the

series , si the coefficient of the lagged difference to higher order and et is the white noise

error term. And the ADF test statistic is expressed as:

t =
ĝ

SE(ĝ)
; (3.1.2)

where SE is the standard error and when the magnitude of t greater than critical value (

at levels) it is stationary otherwise non stationary.

The distribution of returns in financial time series data is not usually characterized

by normality but fat-tails, high peakedness and skewness. The kurtosis and skewness are

defined as:

K(R) = E[
(R�m)4

s4 ] (3.1.3)

S(R) = E[
(R�m)3

s3 ] (3.1.4)

where m and s are the mean and standard deviation of the return price. When K(R)

is greater than three it indicates that the distribution has heavy tail properties. Negative

values of S(R) shows skewed to the left and positive value indicates the skewed to the

right.

3.1.2 Breusch–Godfrey test

The Breusch–Godfrey test based on the Lagrange Multiplier (LM) is a statistical test used

to detect the presence of serial correlation (autocorrelation) in the residuals of a regression
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model. The test statistic is:

LM = (n� p)R2

= (n� p)
�

1�
RSS
TSS

�

= (n� p)
�

1� ån
i=1(yi� ŷi)2

ån
i=1(yi� ȳi)2

�
; (3.1.5)

where n is the sample size, p is the number of lags tested, R2 is the coefficient of determi-

nation from the auxiliary regression, ȳ is the mean of observed values, yi is the observed

value, ŷi is the predicted value.

If the computed LM statistic is greater than the critical value from the chi-square dis-

tribution ( LM > X2
(p;a) ) reject the null hypothesis ( there is serial auto correlation of

residuals). If LM � X2
(p;a), fail to reject the null hypothesis (there is no evidence of serial

auto correlation of residuals).

3.1.3 Jarque-Bera test

Jarque-Bera test is a normality test based on skewness and kurtosis. The test statistic is

defined [72]

JB =
n
6

(
(K�3)2

4
+S2) (3.1.6)

The assumption of normality under H0 is rejected when the p-value of JB test is less than

the significance level. ( normal distribution when it is less than 5%)

3.1.4 ARCH-LM test

The presence of heteroscedasticity in the time series data can be checked using ARCH-

LM test (ARCH effect). Engle (1984) [15] proposed Lagrange Multiplier tests to verify

whether the standardized residuals exhibit ARCH effect or not in the time series data.
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There are two ways to test the ARCH effect:

Ljung-Box Q statistic or Lagrange Multiplier (LM) which are computed as:

Q = T (T + 2)
h

å
k=1

r2
k

T � k
� X2(h); (3.1.7)

Where T number of observations, h number of lags tested, rk the autocorrelation at lag k.

LM = T:R2 � X2(h); (3.1.8)

where R2 is the coefficient of determination from the square of the residual regression.

From these tests when the square of residuals auto correlated with the previous square of

residuals in lag k or p value is significant reject the null hypothesis and there is an ARCH

effect otherwise fail to reject the null hypothesis which indicates that no ARCH effect.

3.1.5 Diebo-Mariano test

The Diebold-Mariano (DM) test is a statistical test used to compare the predictive accu-

racy of two competing forecasting models. It tests the null hypothesis that both models

have equal forecast accuracy based on the loss differential of their forecast errors. The

test accounts for autocorrelation in forecast errors using robust variance estimators [136].

And the statistical computation is expression as:

d̄ =
1
T

T

å
t=1

dt ; where dt = L(e1;t)�L(e2;t) (3.1.9)

d̄ is error difference of the models, T is the number of samples.

DM =
d̄

q
Ŝd=T

; where Ŝd = g0 + 2
h�1

å
k=1

gk & gk =
1
T

T

å
t=k+1

(dt� d̄)(dt�k� d̄)

(3.1.10)
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3.1.6 Information Criterion

The determination of ARCH and GARCH orders to build the the conditional variance

equation requires a conventional criteria. The two most widely used information criteria

are Akaike information criterion (AIC) and Bayesian information criterion (BIC), and

their respective algebraic expressions are:

AIC = lns2 +
2K
T

(3.1.11)

BIC = lns2 +
K
T

lnT; (3.1.12)

where s2 is the variance of the residuals, T is the sample size, and K is the total

number of parameters. Particularly K = p + q + 1 for GARCH (p,q) models. Based on

this the model with smallest values of AIC and BIC is considred to be the best one among

the candidate models.

3.2 Evaluation Metrics

The forecasting performance of the model is measured by comparing the forecasted with

Actual or proxy for actual in the out sample data using the metrics mean square error

(MSE), root mean square error (RMSE) and the mean absolute error (MAE). MSE de-

scribes the average of the difference squares in the observed and predicted volatility or

correlation. RMSE indicates the magnitude of the error in square root of the average

square of the predicted and observed values, where as MAE shows the magnitude of ab-

solute difference average of predicted and observed value. These equations are as follows:

Mean square error

MSE =
1
n

n

å
n=1

(ŝt�st)2

MSE =
1
n

n

å
n=1

(r̂t�rt)2
(3.2.1)
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Root mean square error

RMSE =

s
1
n

n

å
n=1

(ŝt�st)2

RMSE =

s
1
n

n

å
n=1

(r̂t�rt)2

(3.2.2)

Mean absolute error

MAE =
1
n

n

å
n=1
j ŝt�st j

MAE =
1
n

n

å
n=1
j r̂t�rt j

(3.2.3)

Where ŝt and r̂t are the forecasted volatility and forecasted correlation respectively, st

and rt are the observed (actual) volatility and correlation value in time period t and n is

number of out sample periods.

3.3 Distributions

3.3.1 Univariate distribution

For maximum loglikelihood estimation the log return follows three conditional error dis-

tribution functions, namely normal (N), standardized student-t (ST) and generalized errror

distribution (GED), and their Mathemaical expressions are:

f (x j m;s2) =
1

p
2ps

exp�
(x�m)2

2s2 (3.3.1)

And the log-likelihood expression for each xi for i = 1;2; :::;n

‘(m;s2) =
n

å
i=1

log f (xi j m;s2)

=�
n
2

log(2p)�
n
2

logs2�
1

2s2

n

å
i=1

(xi�m)2
(3.3.2)
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Taking the derivative with respect to m and set to zero:

¶‘
¶ m

=
1

s2

n

å
i=1

(xi�m) =
1

s2

 
n

å
i=1

xi�nm

!

) m̂ =
1
n

n

å
i=1

xi (3.3.3)

Next, taking the derivative with respect to s2

¶‘
¶s2 =�

n
2s2 +

1
2(s2)2

n

å
i=1

(xi�m)2) ŝ2 =
1
n

n

å
i=1

(xi� m̂)2 (3.3.4)

hence the maximum log-likelihood estimation of the mean and variance are the sam-

ple mean and sample variance respectively for normal distribution.

f (x j m;s2;n) =
G(n+1

2 )
G(n

2 )
p

nps2
(1 +

(x�m)2

ns2 )�
n+1

2 ; (3.3.5)

where G is the usual gamma function and n > 2 is the number of degree of freedom for

student-t distribution.

The log-likelihood with q = m;s2;n

‘(q) = n logG
�

n + 1
2

�
�n logG

�n
2

�
�

n
2

log
�
nps2��

n + 1
2

n

å
i=1

log
�

1 +
(xi�m)2

ns2

�

(3.3.6)

For generalized error distribution, we have

f (x; m;a;b ) =
b

2aG( 1
b )

exp�(
j x�m j

a
)
b
; (3.3.7)

where x is the random variable. m is the location parameter, indicating the mean of the

distribution. a is the scale parameter, controlling the spread of the distribution. b is the

shape parameter, controlling the shape of the tails. When b = 2 the distribution reduces

to the normal distribution. This distribution allows for skewness and heavier or lighter
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tails than the normal distribution, making it more flexible for modeling various data dis-

tributions [22, 44, 39].

3.3.2 Multivariate distribution

Multivariate Gaussian Distribution and its loglikelihood is expressed as:

f (x j m;S) =
1

(2p)d=2jSj1=2 exp
�
�

1
2

(x�m)0S�1(x�m)
�

; (3.3.8)

where: S is the covariance matrix and positive definite, m is the mean vector of the assets,

d is the dimension of the random vector x.

The likelihood function for the sample is:

L(m;S) =
n

Õ
i=1

f (xi j m;S)

= (2p)�
nd
2 jSj�

n
2 exp

 

�
1
2

n

å
i=1

(xi�m)0S�1(xi�m)

! (3.3.9)

The corresponding log-likelihood of this distribution is:

log‘(m;S) =�
nd
2

log(2p)�
n
2

log jSj�
1
2

n

å
i=1

(xi�m)0S�1(xi�m) (3.3.10)

To find the maximum log-likelihood estimations, differentiate first with respect to m and

set to zero:
¶‘
¶ m

=
n

å
i=1

S�1(xi�m) = 0 =) m̂ =
1
n

n

å
i=1

xi (3.3.11)

Which implies the MLE of m is the sample mean.

Next, differentiate with respect to S�1 (using matrix calculus):

¶‘
¶S�1 =

n
2

S�
1
2

n

å
i=1

(xi�m)(xi�m)0 = 0 (3.3.12)
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After rearrangement it becomes:

Ŝ =
1
n

n

å
i=1

(xi� m̂)(xi� m̂)0 (3.3.13)

which is the maximum log-likelihood covariance matrix is the sample covariance matri-

ces.

Multivariate Student’s t-Distribution:

f (x j m;S;n) =
G
�n+d

2

�

G
�n

2

�
nd=2pd=2jSj1=2

�
1 +

1
n

(x�m)0S�1(x�m)
�� n+d

2

; (3.3.14)

where: n is the degree of freedom. As n ! ¥, it reduced to multivariate Gaussian distri-

bution. The log likelihood of this distribution is expressed as:

logL(m;S;n) =
N

å
i=1

�
logG

�
n +d

2

�
� logG

�n
2

�
�

d
2

log(np)�
1
2

log jSj�
n +d

2
log
�

1 +
1
n

di

��

(3.3.15)

where:

di = (xi�m)0S�1(xi�m)

Because the maximum log-likelihood equations are nonlinear and involve the gamma

and digamma functions, the parameters are estimated iteratively using an Expectation-

Maximization (EM) algorithm. Generalized Gaussian Distribution (MGGD)

f (x; m;S:b ) =
b

2d=2G
�

d
2b

�
jSj1=2

exp
�
�

1
2
�
(x�m)0S�1(x�m)

�b
�

(3.3.16)
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when b = 1 =) f (x) = 1
(2p)d=2jSj1=2 exp

�
�1

2(x�m)0S�1(x�m)
�
, Since G(1

2) = p
1
2

The log likelihood description of this generalized multivariate distribution is:

logL(m;S;b ) = N log

0

@ b

2d=2G
�

d
2b

�
jSj1=2

1

A�
1
2

N

å
i=1

�
(xi�m)0S�1(xi�m)

�b
(3.3.17)

3.4 Deep Learning Neural Network

Artificial neural network (ANN) is one of the best known machine learning algorithms. It

is mimc to the neuron in the human brain. Artificial neurons are connected to each other

by weights and solve problems by learning.

Deep Neural Networks (DNNs) are a class of machine learning models based on arti-

ficial neural networks (ANNs) that consist of multiple layers between the input and output

layers. These networks are designed to automatically learn patterns and representations

from data by utilizing many layers of interconnected nodes (or neurons). The term “deep”

refers to the presence of multiple hidden layers in the network, which enables DNNs to

learn hierarchical features and complex patterns in data [125].

3.4.1 Structure of Deep Neural Networks

A typical deep neural network consists of several key components:

Input Layer: This layer takes in the raw data, which could be in the form of images,

text, time series data, etc. Each neuron in the input layer represents one feature of the

input data.

Hidden Layers: These are the layers that exist between the input and output layers. A

deep neural network usually has more than one hidden layer. Each layer in a DNN learns

progressively more complex features. Neurons in these layers are connected to neurons

in the previous and next layers. The number of hidden layers is a key factor in the "depth"

of the network, and it determines the complexity of the model [125].
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Neurons (Nodes): Each neuron in the hidden layers performs a simple computation.

It receives input from the previous layer, processes it with a weighted sum, applies an

activation function, and then passes the result to the next layer. The weight and bias

associated with each neuron are learned during the training process. The mathematical

expression of neural network in the function f is defines as:

f : Rn! R

f (x1;x2; : : : ;xn) = r

 
n

å
i=1

xiwi +b

!

;
(3.4.1)

where w1;w2; : : :wn 2 R are the weights, x1;x2; : : :xn are inputs, b 2 R is the bias and r is

the activation function. The activation functions support the neuron to train the non linear

and complex patterns. Some of the most common activation functions are:

• Sigmoid or logistic function that maps any input value to a range between 0 and 1.

It is often used in binary classification tasks and mathematically:

s(x) =
1

1 + exp(�x)
; (3.4.2)

where x is the input.

• Rectified linear unit (ReLU) function that converts all negative values to zero and

keeps non negative values unchanged. It helps to prevent the vanishing gradient

problem in deep networks.

ReLU(x) = maxf0;xg (3.4.3)

• Tangent hyperbolic (Tanh) function that maps inputs to a range between -1 and 1.

It is similar to the Sigmoid function but with a wider output range.

tanh(x) =
exp(x)� exp(�x)
exp(x)+ exp(�x)

; (3.4.4)
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FIGURE 3.1: Activation functions

The weights and biases in each layer are connected to neurons in the adjacent layers, and

each connection of the weights are adjusted during training. Each neuron also has a bias

term in which the unobservable factor that are not considred as an input. The training

process involves optimizing these weights and biases to minimize a loss function.

The loss Function (cost function) is used to quantify the difference between the pre-

dicted outputs and the actual target values. The goal of training is to minimize the loss

function and its optimization is described as:

z = arg min
w2W

N

å
i=1

‘
�
F(xi;w);yi

�
; (3.4.5)

where z is is the model parameter in W that minimize the loss function l, F is the predictive

function and y is the actual or the target value. Depending on the kind of neuron and

purpose the model optimization varies. In the case of time series forecasting it is error

metrics.



30 Chapter 3. Preliminary Concepts

3.4.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a class of deep learning models capable of cap-

turing sequential dependencies in time series data as an input to future prediction purpose.

The Mathematical description of input to hidden layer equation is given as:

ht = f (Bxt +Cht�1 +b) (3.4.6)

yt = f (Aht +b1) (3.4.7)

where ht is hidden layer at time t, f is activation function, B is the weight of input

to hidden layer, xt is input at time t, ht�1 is hidden layer at time t� 1, b bias for hidden

layers,yt out put vector at time t, A is the weight to output layer and b1 bias for the out put

layer [126].

FIGURE 3.2: Structure of RNN

3.4.3 Back propagation

Backpropagation is a fundamental algorithm used to train deep learning neural networks

by minimizing the error between predicted outputs ŷ and actual targets y by the loss or

cost function. It consists of two main phases: forward error propagation and backward

error propagation.
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Forward propagation is the first phase where the input data x is fed through the network

layer by layer. Each neuron in a layer computes a weighted sum of inputs from the previ-

ous layer, applies an activation function (such as sigmoid, ReLU, or tanh), and passes the

output to the next layer. This process continues until the network produces an output at

the final layer. The output is then compared to the target (true value) to compute the error,

typically by using a loss or cost function that quantifies the difference.

Backward propagation error is the second phase where the error computed at the output is

propagated backward through the network. Using the chain rule, the algorithm calculates

gradients of the loss function with respect to each weight in the network. This gradient

tells how much each weight contributed to the overall error and how it should be adjusted

to reduce the error.

Weights in each layer are updated typically using gradient descent or its variants. The

error propagates layer-by-layer in reverse order from the output back to the input layer,

and weights get adjusted in proportion to their contribution to the error. This enables

the network to improve its predictions iteratively during training by minimizing the loss

function. One complete forward and backward phase for each weight update is called an

epoch.

Using the gradient descent method at each iteration the weight are updated as:

w(t+1)
j = w(t)

j �l
¶ l

¶ (w j)
; (3.4.8)

where ¶ l
¶ (w j)

is the gradient, and l is called the learning rate which contains the rate

at which the model learns. Thus, the error minimized by ¶ l
¶w j

. in particular, the back

propagation error ¶ l
¶ (w j)

for every weight w j at every connection/node the chain rule of

weight up date from hidden to out put (Who), hidden to hidden (Whh) and input to hidden
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layer (Wxh )

¶ l
¶Who

=
T

å
t=1

¶‘t

¶Ot
�
¶Ot

¶fo
�

¶fo

¶Who
(3.4.9)

¶ l
¶Whh

=
T

å
t=1

¶‘t

¶Ot
�
¶Ot

¶fo
�
¶fo

¶Ht
�
¶Ht

¶fh
�

¶fh
¶Whh

(3.4.10)

¶ l
¶Wxh

=
T

å
t=1

¶‘t

¶Ot
�
¶Ot

¶fo
�
¶fo

¶Ht
�
¶Ht

¶fh
�

¶fh
¶Wxh

; (3.4.11)

where f0 is the final state activation function, Ot is pre-activation out put, Ht the hidden

state at time t, fh is the hidden state activation function usually either tanh or ReLU .

3.4.4 Adam Optimizer

The Adam (Adaptive Moment Estimation) optimizer is an adaptive gradient descent opti-

mization algorithm widely used in training recurrent neural networks due to its efficiency,

low memory usage, and ability to adaptively adjust learning rates during training [127].
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Chapter 4

Econometric and Deep Learning

Hybrid Models for Univariate Volatility

Forecasting

4.1 Introduction

This chapter has two sections: the first section focuses on modeling and forecasting the

volatility of selected staple crops using asymmetric GARCH-type models, while the sec-

ond section addresses the prediction of single stock return volatility through a hybrid

model combining GARCH and deep learning techniques. In the first part we took teff,

wheat, maize and barley retail price volatility in asymmetric GARCH models against uni-

variate alternative error distributions and compare which model describes the best predic-

tive model using selection criteria and error metrics. The inherent agricultural commodity

price volatility is one of the major concern in countries whose dominant economy depends

on agricultural products like Ethiopia.

To capture the potential asymmetries in price volatility, particularly the differential impact

of positive and negative shocks, the GARCH, TGARCH (treshold GARCH), EGARCH

(Exponential GARCH) or PARCH (power ARCH) models were employed. These models
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were estimated under normal (Gaussian), student’s t and generalized distributional as-

sumptions for the error terms. The empirecal analysis evaluates leverage effects, kurtosis

and peristence in the volatility of staple crops that better fit models using AIC, BIC and

log-likelihood comparison.

Part two presents results of modeling and forecasting volatility of a single stock market

index return data analysis in GARCH extension and deep learning hybrid approaches.

The main objective of this analysis is to assess the comparative forecasting performance

of asymmetric GARCH models integrated with deep learning architectures particularly,

Convolutional Neural Network (CNN), Long Short-Term Memory network (LSTM), and

their hybrid configurations, namely CNN-LSTM and LSTM-CNN.

The asymmetric GARCH model has an ability to capture the stylzed volatility features like

leverage effect and volatility clusters, but rely on the parametric assumptions and limited

capacity to model nonlinear sequential temporal dependencies, which may restrict their

effectiveness in capturing the complex patterns present in financial return series.

CNN has a feature of extracting special temporal patterns from the return series; where

as, LSTM is leveraged for its strength in learning long-term dependencies and memory

of past events. So the combined effect of these two enables to extract both the short term

and long term patterns support the accuracy of forecasting the volatility of stock returns.

The comparative analysis is based on performance evaluation metrics and information

criteria. Historical daily closing index return is used for training, validation and testing

the models.
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4.2 Source and Description of Data

The data used for modeling price volatility of teff, wheat, maize and barely is taken from

the Ethiopian Statistical Agency (ESA) record as the average retail price of Debre Markos

market which is found in the most productive zone of teff, maize, wheat and barely in

Ethiopia from September 2010 to August 2022. The quality of these staple crops varies

as white, mixed and black (red), we take mixed one , and since the retail price is not the

same for each retailer we use average weekly observations. The reason for selecting these

staple crops has three folds: The first is their dominant in daily consumption in Ethiopia

and the second is agricultural economic value and the third is worldwide demand.

To understand the price dynamic behavior and the price return of the time series it is

necessary to plot the original series and its log return of teff, wheat, barely and maize

price and their log returns. The price dynamics and returns are depicted in the Figure 4.1

and Figure 4.2. For better description of volatility we use return of retail price at time t

and it is calculated as:

Rt = ln(
Pt

Pt�1
) (4.2.1)

Figure 4.1, The retail price of teff, wheat, barely and maize in which all of them are non

stationary while the return series of teff, wheat, barely and maize on Figure 4.2, shows

stationary. However the plot of the figure is not sufficient but it give us a clue and we

check by unit root test.

Moreover, from Figure 4.2, the variability of the changes, small changes are followed

by small changes and large changes are followed by large changes which shows that the

existence of volatility clustering in all of the crops. The results in Table 4.1, shows that

all the return prices are stationary since the absolute value of the test statistic exceeds the

critical value at the 5% significance level; thus, it is mean reverting.

The other data used in this chapter is stock price data of S&P 500 extracted from Yahoo
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FIGURE 4.1: Retail price of crops

finance (GSPC) database that covers from 6 May 2019 to 6 May 2024 trading days. The

time series plots of S&P 500 stock price is not stationary but its logarithmic return is

stationary which are depicted in Figure 4.3 and Figure 4.4 which is justified using unit

root test.

TABLE 4.1: Unit root tests for Log-return series at level of selected cereals

ADF test critical values

Variables t-statistics 1% 5 % 10 % p-value

Teff return -16.2573 -3.4415 -2.8664 -2.5694 0.0000

Wheat return -19.3078 -3.4415 -2.8664 -2.5694 0.0000

Barely return -15.9849 -3.4415 -2.8664 -2.5694 0.0000

Maize return -12.9560 -3.4415 -2.8664 -2.5694 0.0000
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FIGURE 4.2: Log price return of crops in the study period

TABLE 4.2: Unit root tests for S&P 500 return

ADF test critical values

Variables t-statistics 1% 5 % 10 % p-value

S&P500 -24.6854 -3.4353 -2.8636 -2.5694 0.0000

From, Table 4.2 clearly shows that the magnitude of S&P 500 stock return in t-statistics is

greater than the magnitude at 5 % level which indicates that the return is stationary; thus,

it is mean reverting.

From Table 4.3 the LM - statistic of teff, wheat, maize and barely returns respectively

are 24.96, 36.35, 6.85 and 10.05 respectively where as the p- values are 0.0000, 0.0000,

0.0088 and 0.0015 which are statistically significant. This shows that the null hypothesis
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FIGURE 4.3: Daily S&P 500 stock price

FIGURE 4.4: S&P 500 stock daily return

(Homoskedasticity) is rejected and reveals the presence of heteroskedasticity (time vary-

ing volatility). Therefore it is better to estimate GARCH family models. To determine
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TABLE 4.3: Heteroskedasticity test of return price for selected cereals

Teff-return Wheat-return Maize-return Barley-return

F-statistic 26.0142(0.0000) 38.6794(0.0000) 6.9055(0.0088) 10.1938(0.0015)

Obs*R-squared 24.9677(0.0000) 36.3524(0.0000) 6.8469(0.0089) 10.0501(0.0015)

Values in parenthesis are p-values.

TABLE 4.4: Heteroskedasticity test of S&P 500 return

F-statistic P-value Obs*R-squared P-value

46.0142 0.0000 38.6794 0.0000

the order of GARCH type family models Akaike information criterion (AIC), Schwarz

information criterion (SIC) and error distribution are used for each models.

Similarly from Table 4.4 the LM - statistics of S&P 500 stock price return is 46.014

and p-value 0 which is statistically significant. This shows that the null hypothesis (ho-

moskedasticity) is rejected and reveals the presence of heteroskedasticity (time varying

volatility). Therefore, GARCH family models are better fitting for forecasting the volatil-

ity of S&P 500 stock price .

4.3 Realized Volatility

This is the actual observed volatility over a specific interval, calculated using high-frequency

trading data. It is model-free and an aggregates actual return movements within the day.

It is often used to assess the accuracy of volatility forecasts [116, 124]. The realized

variance (RV) is mathematically expressed as:

RV =
m

å
i=1

r2
t;i; (4.3.1)
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where r is the return, m is the number of intraday return during day t. A 5 minute intra-

day RV is the most standard and most popular in practical applications [119, 117, 118].

As volatility is the standard deviation of the return (s ), the daily realized volatility is

expressed as:

s =
p

RV (4.3.2)

Whenever there is only daily historical data, the proxy for daily realized volatility is the

magnitude or absolute value of the return. However, it is less precise compared to realized

volatility measures calculated with intraday high-frequency data.

Realized correlation measures the time-varying correlation between two asset returns us-

ing high-frequency data. It is formulated by using the realized covariance and the indi-

vidual realized volatilities of two assets. The mathematical expression of this realized

covariance is expressed as:

RCovt =
M

å
i=1

r1;t;i � r2;t;i (4.3.3)

The realized correlation is described as:

rR
t =

RCovtp
RV1;t �

p
RV2;t

= åM
i=1 r1;t;ir2;t;iq

åM
i=1 r2

1;t;i �
q

åM
i=1 r2

2;t;i

; (4.3.4)

where RCovt is the realized covariance of two assets during day t, r1;t and r2;t are the

returns of the assets at day t and rR
t is the realized correlation at day t. This correlation

has limitation that it is noisy and the assets may not have the same intraday frequency

data due to the variation of opening and closing time in different countries .
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4.4 Univariate GARCH family Models

4.4.1 Autoregressive Conditional Heteroskedasticity(ARCH model)

An ARCH model is one of the classical models in time series data for analyzing and

forecasting volatility. It is originally proposed by Engle (1982) [15], where the prediction

accuracy of conditional variance depends on the previous historical shocks and this is

expressed as:

rt = m + et ; et = stzt (4.4.1)

s2
t = a0 +

q

å
i=1

aie2
t�i; (4.4.2)

where rt is the return, m is the mean, zt � i:i:d(0;1);a0 > 0;ai > 0 , s2
t is the condi-

tional variance, et is the innovation of an asset, st is the volatility of the series at time t

and, zt is a white-noise. The equation

q

å
i=1

ai < 1 (4.4.3)

ensures the conditional variance process is covariance stationary ( mean reversion) and

the measure of persistance depend on the closer to unity. Equation 4.4.2 often requires

many parameters and a high order of the ARCH term q to capture the dynamic behavior

of conditional variance that leads to over predict the volatility and fails to capture the

leverage effect due to its symmetric variance specification [28].
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4.4.2 Generalized Autoregressive Conditional Heteroscedasticity (GARCH)

model.

In GARCH the the current conditional variance is expressed not only the previous shocks

but also the the previous conditional variance and mathematically expressed as:

s2
t = a0 +

q

å
i=1

aie2
t�i +

p

å
j=1

b js2
t� j (4.4.4)

a0 > 0;ai > 0;q > 0; p > 0

when p = 1 and q = 1, it is called GARCH (1,1) and the conditional volatility of Equa-

tion 4.4.4 becomes:

s2
t = a0 +a1e2

t�1 +b1s2
t�1 (4.4.5)

The condition that covariance stationary for GARCH is

q

å
i=1

ai +
p

å
j=1

b j < 1: (4.4.6)

The limitation of GARCH is that it still fails to capture the leverage effect due to its

symmetric distribution. This model is proposed by[12]

4.4.3 Exponential Generalized Autoregressive Conditional Heteroscedas-

ticity (EGARCH)

This model is proposed by Nelson (1991) to take into account the leverage effects of price

fluctuation on conditional variance. This means that a negative shock (bad news) can have

a greater impact on volatility than a positive shock (good news) of the same magnitude.

[55]. The conditional variance in EGARCH is given as:

logs2
t = a0 +

p

å
i=1

ai j et�i j
st�i

+
p

å
i=1

giet�i

st�i
+

q

å
j=1

b jlogs2
t� j (4.4.7)
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Where p, and q are the ARCH and GARCH orders respectively. As log of the variance

s2
t makes the leverage effect exponential. When gi = 0, regardless of the sign of et�i the

model is symmetric; thus no leverage effect. When et�i is positive (good news) the total

effect of et�i is (ai + gi)et�i on the contrary, et�i is negative (bad news) the total effect

of et�i is (ai� gi)et�i. Bad news can have a larger impact on volatility, and the value

of gi would be expected to be negative. Another advantage of the EGARCH model over

the basic GARCH model is that the conditional variance s2
t is guaranteed to be positive

regardless of the values of the coefficients in the above Equation 4.4.7 because the loga-

rithm of s2
t instead of s2

t itself is modeled [35].

The Covariance-stationarity of EGARCH log-variance process requires that the AR

part be stable. Particularly, when p =1, j b1 j< 1 and for a common assumption;

p

å
j=1

b j < 1; (4.4.8)

for every b j � 0.

4.4.4 Threshold Generalized Autoregressive Conditional Heteroskedas-

tic (TGARGH)

The other alternative for modeling the conditional variance with leverage effect is the

threshold GARCH model which was proposed by [34] that allows asymmetric shocks

to volatility with positive and negative shocks of equal size to have different impacts on

volatility.

s2
t = a0 +

p

å
i

(aie2
t�i + gie2

t�iI)+
q

å
j

b js2
t� j (4.4.9)

where

I =

8
>><

>>:

1 i f et�i < 0

0 otherwise
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In this model if g is zero it become GARCH, if g is negative then bad news decrease

volatility which is not likely and it is expected to be positive and good news decrease

volatility. The mean reversion or the covariance stationary condition for TGARCH is

given as:
p

å
i=1

(ai + 0:5gi)+
q

å
j=1

b j < 1 (4.4.10)

4.4.5 An asymmetric power ARCH model

An other extension of GARCH model is the power ARCH expressed as:

sd
t = a0 +

p

å
i

bisd
t�i +

q

å
j

a j(j et� j j� get� j)d (4.4.11)

where g is the asymmetric parameter and delta is the parameter of the power term.

4.5 Long Short- Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks have become increasingly important in ap-

plied financial econometrics due to their ability to model nonlinear temporal dependencies

and long-memory structures commonly observed in financial time-series data. Financial

volatility and cross-asset correlations exhibit complex dynamics such as persistence, clus-

tering, and regime shifts, which are often difficult to capture using traditional econometric

models such as GARCH or DCC-GARCH that rely on restrictive parametric assumptions.

LSTM networks address these limitations through a gated recurrent architecture that al-

lows the model to retain relevant historical information over long sequences while filtering

out irrelevant noise, thereby enabling the learning of complex temporal relationships in

financial markets.

Recent empirical studies demonstrate that LSTM-based approaches can improve volatil-

ity forecasting performance relative to classical models, particularly in environments
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characterized by nonlinear dynamics and structural changes. For instance, studies show

that LSTM models produce more accurate realized volatility forecasts than conventional

econometric benchmarks such as GARCH and HAR models in many financial settings.

Furthermore, hybrid models that integrate LSTM with traditional time-series frameworks

or other deep learning architectures have shown strong predictive performance in model-

ing market volatility and financial risk during turbulent periods, including the COVID-19

crisis. These improvements arise because LSTM networks can capture volatility cluster-

ing, nonlinear interactions, and evolving dependence structures across assets, which are

critical for accurate dynamic correlation forecasting and portfolio risk management. Con-

sequently, LSTM-based models have become an important methodological tool in modern

financial forecasting, particularly for Volatility Forecasting, Financial Market Prediction,

forecasts of time-varying correlations, and Credit risk modeling. These capabilities make

LSTM one of the most important deep learning models for financial time-series analysis.

FIGURE 4.5: Architecture of LSTM

Each LSTM has four chain interacting communicative gates. LSTM networks address
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the problem of vanishing gradients of RNN by splitting in three inner-cell gates and build

memory cells to store information in a long range context [106]. As we can see from

Figure 4.5, a typical LSTM cell is configured mainly by four gates:

forget gate schedules when to forget the output data and thus selects the optimal time

lag for the input sequence. The forget gate ft deletes unimportant information from the

previous time step and has an equation:

ft = s(w f ht�1 +u f xt +b f ) (4.5.1)

The Memory cell Ct�1 takes input from the output of LSTM cell in the last iteration.

input and input modulation gates determine which information is significant through

logistic (sigmoid) and tangent hyperbolic activation functions respectively and have equa-

tions:

īt = s(wiht�1 +uixt +bi) (4.5.2)

c̄t = tanh(wcht�1 +ucxt +bc) (4.5.3)

The point multiplication of forget gate with previous memory cell of the unit sum up with

input gate forms memory cell of the unit and goes to tangent activation function and has

equations:

it = īt � c̄t (4.5.4)

Ct = Ct�1 � ft + it (4.5.5)

output gate takes through sigmoid activation function and all results processed and gen-

erate the output.

ot = s(woht�1 +uoxt +bo) (4.5.6)

finally,

ht = ot � tanh(Ct); (4.5.7)
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where w f , u f , wi, ui, wc, uc, wo, uo are weights of the forgate, input, input modulation

and out put gates respectively. b the bias term. s and tanh are the sigmoid (logistic) and

hyperbolic tangent activation functions respectively and ht is the hidden state.

4.6 Convolutional Neural Network (CNN)

Recent advances in deep learning have demonstrated the effectiveness of one-dimensional

Convolutional Neural Networks (1D-CNN) in time-series forecasting. Unlike traditional

econometric models that rely on predefined lag structures, 1D-CNN applies convolutional

filters over ordered temporal sequences to automatically extract local dependency patterns

and nonlinear features. Empirical evidence shows that 1D-CNN performs competitively

in electricity load forecasting [140],and it has an ability to capture nonlinear temporal

dependencies and achieve superior prediction performance compared to traditional statis-

tical baselines like ARIMA [139, 142]. Furthermore, hybrid architectures such as CNN-

LSTM combine local feature extraction with long-term dependency learning, significantly

improving forecasting accuracy in complex temporal environments [143, 145]. More re-

cent studies incorporate attention mechanisms and interpretable CNN frameworks to en-

hance transparency and robustness in applied financial forecasting. Collectively, these

findings provide strong methodological justification for employing 1D-CNN as either a

standalone or hybrid component in volatility prediction model. The structure of CNN has

input layer which accepts the inputs, convolutional layers that are kernels of the CNN

which works in convolution operation (Hadmard’s product), pooling layers which reduce

the dimension by retaining the important imformation, fully connected layers (Dense) and

flatten layers which changes into one dimension to the data and out put layers.

As we see from Figure 4.6 at convolutional layer the input data operates the hadmard

product with the kernel or filter and gives several results and these sent to RelU activation
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FIGURE 4.6: Architecture of CNN [108]

function and mathematically these expressed as;

yt = ( f �g)(t) =
k

å
a=1

f (a)�g(t�a) 8t 2 [1;2;3; :::;L]; (4.6.1)

where, yt is the output of the convolution operation at position t, f (a) is the kernel

convolutioned at position a, k the kernel size, L is the length of the out put sequence,

� is convolution operation (Hadamard operation). To keep the number of out put as the

number of input in the convolution operation we use padding. Similarly in in pooling we

use unit stride. The operation of ReLU (s ) activation function as:

zt = s(yt +b); (4.6.2)

where zt is the out put and b is the bias term. The next process of the ReLU out put value

goes to the maximum pooling or average pooling and finally changed to flatten data at

fully connected layer.

4.7 The Hybrid Models

The purpose of the hybrid models is to improve the volatility prediction performance of

the traditional GARCH family models.
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FIGURE 4.7: Convolution operation (1D) [114]

FIGURE 4.8: Pooling (1D) [115]

Univariate Hybribrid Models

The features of volatility like clusters makes the inputs of deep leaning models increase

the prediction accuracy on result and estimated parameters [49, 69, 54, 50], [51, 52]. As

the result of this we design GARCH and CNN-LSTM, GARCH and LSTM, CNN and

LSTM & GARCH and LSTM-CNN hybrid models.

The basic steps in the hybrid Models

1. Data and preprocessing: define the return series and compute realized measures and

split data into training, validation, and test sets.

2. Secondly, develop GARCH-type model using statistical criteria and estimate the

parameters that indicates the volatility features.
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3. Use the residuals from mean equation (the conditional volatility of the log returns)

to the input for deep learning models.

4. Based on this GARCH-CNN-LSTM, GARCH-LSTM, CNN-LSTM and GARCH-

LSTM-CNN hybrid models are designed in the volatility prediction of stock index

return.

FIGURE 4.9: Architecture of sequential CNN-LSTM model

In case of GARCH-CNN-LSTM after selection of conditional volatility from GARCH

type models using the criterias and tests it joins CNN keras tensor flow of kernel 3, pool

size 2, number of filter 64 , ReLU activation function, batch size of 32 and padding the

same to keep the number of input is the same as number of out puts and again this out

put as an input for the LSTM with 50 cell units of batch size 32 in adam optimizer and

120-200 epoch. In CNN-LSTM the input starts directly the retun of the stock into CNN

and then into LSTM taking the parameters and hyperparameters.

As shown in Figure 4.9 the conditional volatility result from GARCH (1,1) as a sequential

data enters into convolutional layer and after convolutional operations passes to the flatten

layer and this out put as an input of the gates in LSTM.
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4.8 Result and Discussion

4.8.1 Analysis on selected agricultural commodities

TABLE 4.5: Return statistics for selected staple crops

Parameter teff-return wheat-return maize-return barley-return

Mean 0.003895 0.004056 0.004099 0.003915

Median 0.004158 0.004488 0.003752 0.004073

Maximum 0.128121 0.234647 0.173019 0.225738

Minimum -0.198851 -0.243662 -0.373966 -0.205590

Std.Dev 0.026947 0.034557 0.038920 0.039305

Skewness -0.461898 -0.840425 -1.438414 -0.185334

Kurtosis 10.72215 16.800029 23.77059 9.744343

Jarque-Bera 1449.119 4630.504 10534.32 1093.065

Probability 0.000000 0.0000000 0.000000 0.000000

From the descriptive statistics on Table 4.5 the mean log return prices of teff, wheat, barely

and maizes are 0.0039, 0.0041, 0.0041 and 0.0039 respectively. The maximum values are

0.2346, 0.2257,0.1730 and 0.1281 for wheat, barely, maize and teff respectively that in-

dicates high return deviations from the mean. Similarly the minimum values -0.3739,

-0.2437, -0.2056 and -0.1989 for maize, wheat, barely and teff respectively which shows

high weekly variability of log returns.

The skewness of the normal distribution is 0. However, Table 4.5 reveals that the skew-

ness of maize is -1.4384 that is negatively skewed and all the remaining three are also

negatively skewed. The kurtosis of maize, wheat, teff and barely price returns of the se-

ries are 23.7706, 16.8000,10.7222 and 9.7443 respectively that are greater than 3 which

reveals leptokurtic. That has fat-tails and high peakedness distributions for each crops.
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The value of Jarque-Bera for each staple crop in Table 4.5, are 1449.119, 4630.504,

10534.32 and 1093.065 teff-return, wheat-return, maize-return and barely-return series

respectively significantly greater than the p-value 0. Therefore reject the null hypothesis

(normality) and the distributions are not normally distributed.

TABLE 4.6: Teff-return GARCH extension model candidate

Model Error AIC SIC Log

distribution likelihood

GARCH(1,1)* ND -4.6605 -4.6226 1342.56

GARCH(1,1)* STD -4.9015 -4.8560 1412.73

GARCH(1,1)* GED -4.9002 -4.8547 1412.35

TGARCH(1,1)* ND -4.6576 -4.6121 1342.74

TGARCG(1,1) STD -4.9009 -4.8478 1413.55

TGARCH(1,1) GED -4.8977 -4.8446 1412.64

TGARCH(2,1)* ND -4.6559 -4.6129 1340.99

TGARCH(2,1) STD -4.9081 -4.8474 1416.16

TGARCH(2,1) GED -4.9046 -4.8439 1415.61

EGARCH(1,1)* ND -4.6514 -4.6059 1340.96

EGARCH(1,1) STD -4.8932 -4.8401 1411.34

EGARCH(1,1) GED -4.8923 -4.8393 1411.10

PARCH(1,1) ND -4.6588 -4.6057 1344.08

PARCH(1,1) STD -4.9074 -4.8467 1412.14

PARCH(1,1) GED -4.9057 -4.8374 1416.93

* all parameters are significant(p-value <0.05)

From Table 4.6 we observed that GARCH(1,1), TGARCH(1,1), TGARCH(2,1), EGARCH(1,1)

and PARCH(1,1) models under normal distribution, student’s t-distribution and general-

ized error distribution assumptions of teff-return were selected as the candidate models

using minimum Akaike Information Criteria(AIC), Schwarz Information Criterion(SIC)
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and maximum likelihood with significant p value of parameters( p-value less than 5%).

Thus, based on the minimum information criteria, maximum loglikelihood and significant

coefficients, GARCH(1,1) with generalzed error distribution assumption for teff-return

model is identified as the best performing model among the selected candidate models.

The distribution is GED that reveals it is leptokurtic.

The conditional variance equation of teff-return in GARCH(1,1) GED is:

s2
t = a0 +a1e2

t�1 +b1s2
t�1 (4.8.1)

s2
t = 0:00020 + 0:54583e2

t�1 + 0:25463s2
t�1 (4.8.2)

From Equation 4.8.2 above indicates that the volatility of returns is persistent, with the

sum of a1 and b1 equal to 0.80046 (close to unity). Although the volatility of teff price

return has long memory, it is still mean reverting. Moreover stationarity condition of

a1 + b1 < 1 is satisfied and it shows that the conditional variance process of teff log re-

turns series is stable and predictable.
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TABLE 4.7: Wheat-return GARCH extension candidate models

Model Error AIC SIC Log

distribution likelihood

GARCH(1,1)* ND -4.0514 -4.0135 1167.76

GARCH(1,1)* STD -4.6662 -4.6112 1345.34

GARCH(1,1)* GED -4.6131 -4.5676 1327.96

TGARCH(1,1)* ND -3.9825 -3.9377 1148.98

TGARCG(1,1) STD -4.6648 -4.6117 1345.80

TGARCH(1,1)* GED -4.6101 -4.5570 1330.11

EGARCH(1,1)* ND -4.0592 -4.0137 1170.99

EGARCH(1,1)* STD -4.6733 -4.6202 1348.24

EGARCH(1,1)* GED -4.6139 -4.5608 1331.19

PARCH(1,1)* ND -4.0580 -4.0049 1171.65

PARCH(1,1) STD -4.6510 -4.5904 1342.860

PARCH(1,1) GED -4.6072 -4.5465 1330.28

* all parameters are significant(p-value <0.05)

Using minimum AIC and SIC and maximum loglikelihood having significant parametric

values from Table 4.7, EGARCH (1,1) in student’s t error distribution in single asymmet-

ric order is identified as the best model for the conditional variance of wheat price return.

The distribution is STD that shows it is leptokurtic ( has fat tails).

The conditional variance of the wheat price return is presented as:

logs2
t = a0 +

a1 j et�1 j
st�1

+
g1et�1

st�1
+b1logs2

t�1 (4.8.3)

logs2
t = 4:88688 +

0:9095 j et�1 j
st�1

+
�0:2151et�1

st�1
+ 0:4160logs2

t�1 (4.8.4)

The coefficient of the asymmetric term g1 is negative (-0.21516) and statistically signif-

icant at 1% level which reveals that negative return (bad news) has larger volatility than

positive return (good news). The total effect of bad news on logs2
t is (1 + 0.2151) j et�1 j
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where as the total effect of good news on logs2
t is (1- 0.2151)et�1. The GARCH term b1

= 0.4160 which shows weak persistence to die out as far from unity.

TABLE 4.8: Barely-return GARCH family model selection

Model Error AIC SIC Log

distribution likelihood

GARCH(1,1)* ND -4.5404 –4.5029 1308.116

GARCH(1,1)* STD -4.6589 -4.6134 1343.129

GARCH(1,1)* GED -4.6576 -4.6121 1342.747

TGARCH(1,1) ND -4.5382 -4.4927 1308.483

TGARCH(1,1) STD -4.6556 -4.6025 1343.177

TGARCH(1,1) GED -4.6545 -4.6014 1342.841

EGARCH(1,1) ND -4.5446 -4.4991 1310.308

EGARCH(1,1) STD -4.6608 -4.6074 1344.584

EGARCH(1,1) GED -4.6625 -4.6094 1345.149

PARCH(1,1) ND -4.5385 -4.4854 1309.562

PARCH(1,1) STD -4.6612 -4.6006 1345.773

PARCH(1,1) GED -4.6569 -4.5933 1344.559

* All parameters are significant

Using in the same way, minimum AIC and SIC and maximum log-likelihood having sig-

nificant parametric values from candidate models of Table 4.8 many asymmetric models

are not significant which at least one of the parametrs are not significant (p-value greater

than 5%). The conditional variance of barley is symmetrical to bad news and good news.

Although GARCH (1,1) in STD shows minimum in AIC and BIC but it is not best pre-

dictive and not mean reverting as a +b > 1. Thus GARCH (1,1) GED is identified as the

best model for the conditional variance of barley price return.

The conditional variance of the barley price return is presented as:
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s2
t = a0 +a1e2

t�1 +b1s2
t�1 (4.8.5)

s2
t = 0:000064 + 0:2855e2

t�1 + 0:6722s2
t�1 (4.8.6)

From Equation 4.8.6 above indicates that the volatility of returns is persistent, with the

sum of a1 and b1 being 0.9577 which shows that price return has long memory but it

is still mean reverting. Moreover stationarity condition of a1 + b1 < 1 is satisfied and it

indicates that the conditional variance process of barley log returns series is stable and

predictable.

TABLE 4.9: Maize-return GARCH extension models

Model Error AIC SIC Log

distribution likelihood

GARCH(1,1)* ND -4.1469 -4.1090 1195.16

GARCH(1,1)* STD -4.3588 -4.3133 1256.97

GARCH(1,1*) GED -4.3520 -4.3065 1255.05

TGARCH(1,1)* ND -4.1485 -4.1030 1196.62

TGARCG(1,1) STD -4.3594 -4.3063 1258.16

TGARCH(1,1) GED -4.3531 -4.3000 1256.35

EGARCH(1,1)* ND -4.1498 -4.1043 1196.99

EGARCH(1,1)* STD -4.3745 -4.3214 1262.48

EGARCH(1,1)* GED -4.3635 -4.3104 1259.32

PARCH(1,1) ND -4.1546 -4.1015 1199.34

PARCH(1,1)* STD -4.3733 -4.3127 1262.16

PARCH(1,1) GED -4.3633 -4.3027 1260.29

* All parameters are significant (p-value<0.05)

From Table 4.9 having all significant parameters and the criteria of minimum AIC,

SIC and maximum likelihood EGARCH (1,1) with student’s t distribution is the best
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conditional variance of maize price return and the equation is:

logs2
t = a0 +a1

j et�1 j
st�1

+
g1et�1

st�1
+b1logs2

t�1 (4.8.7)

logs2
t =�2:39994 + 0:87989

j et�1 j
st�1

+
�0:21545et�1

st�1
+ 0:71129logs2

t�1 (4.8.8)

From Equation 4.8.8 g1 is negatives that shows bad news has high volatility than good

news. That is the current volatility depends not only on one lag of the magnitude of the

return but also the sign of one lag log returns of maize. The result is synonyms with [23].

As GARCH term b1 = 0:71129 its volatility persistence is moderate and it satisfies sta-

tionary condition.

The empirical result have emphasized that for these agricultural commodities, a negative

return increases conditional variance more than a positive return of the same magnitude

does which is the leverage effect. The pivotal point implies that negative (shocks to) com-

modity returns ought to be followed by an increase in conditional variance, or at least

that negative returns ought to affect subsequent conditional variance more than positive

returns do.

TABLE 4.10: Breusch-Godfrey test for standardized residuals of fitted
models

Teff F-statistics 1.5448 Prob.F(1,571) 0.2144

Obs*R-squared 1.5460 Prob.Chi-square(1) 0.2137

Wheat F-statistics 0.0498 Prob.F(1,571) 0.8235

Obs*R-squared 0.0499 Prob.Chi-square(1) 0.8231

Barely F-statistics 0.4210 Prob.F(1,571) 0.5167

Obs*R-squared 0.4222 Prob.Chi-square(1) 0.5158

Maize F-statistics 0.7915 Prob.F(1,571) 0.3740

Obs*R-squared 0.7931 Prob.Chi-square(1) 0.3731
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From Table 4.10, the standardized residuals of the fitted models did not exhibit any addi-

tional ARCH effects across all series, as both the F-statistics and the observed R-squared

values were insignificant. Furthermore, the correlogram of the squared residuals shows

that the p-values of both the autocorrelation function (ACF) and the partial autocorrelation

function (PACF) exceed 5% (0.05) or lie within the corresponding confidence intervals.

This indicates the absence of serial correlation in the residuals. Therefore, the selected

models for price volatility are statistically well justified.

FIGURE 4.10: Actual-fitted log return for selected models

TABLE 4.11: Forecasting performance of selected models

Staple crops Model Error dis. RMSE MAE

Teff GARCH(1,1) GED 0.0101 0.0082

Wheat EGARCH(1,1) STD 0.0078 0.0066

Barely GARCH(1,1) GED 0.0078 0.0065

Maize EGARCH(1,1) STD 0.0180 0.0144

From Table 4.11 we see that the four weeks ahead forecasting performance of GARCH

(1,1) GED for teff-return, EGARCH (1,1) STD for wheat-return, GARCH (1,1) GED

for barely-return and EGARCH (1,1) STD for maize-return in mean absolute error are

0.0082, 0.0066, 0.0065 and 0.0144 respectively and it indicates that they better perform.
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4.8.2 Analysis of S&P 500 stock indices

TABLE 4.12: descriptive statistics of S&P 500 log-return

Mean Max. Min Std.Dev Skewness Kurtosis Jarque-Bera P-value

0.0005 0.08968 -0.12765 0.01343 -0.839736 17.501 11170.50 0.00000

From the descriptive statistics in Table 4.12, S&P 500 stock return has maximum and

minimum values 0.089 and -0.1276 respectively which are highly deviated from the mean

0.0005. Moreover, the skewness and kurtosis of S&P 500 stock price return distiribution

indicates negatively skewed and leptokurtic. The value of Jarque-Bera in Table 4.12 is

11170 significantly greater than the p-value 0. Therefore, reject the null hypothesis (nor-

mality) and the distribution is not normally distributed.

TABLE 4.13: S&P 500 stock price-return GARCH extension candidate
models

Model Error AIC SIC Log p-vale p-value.

distribution likelihood a b

GARCH(1,1) ND -4.3414 -4.3210 3990.59 0.0000 0.00000

GARCH(1,1) STD -4.3741 -4.3496 4012.23 0.0000 0.1020

GARCH(1,1) GED -4.3684 -4.3439 4008.56 0.0165 0.0250

TGARCH(1,1) ND -4.3548 -4.3302 4000.02 0.0012 0.0030

TGARCG(1,1) STD -4.3909 -4.3784 4017.55 0.0516 0.4270

TGARCH(1,1) GED -4.3850 -4.3564 4020.01 0.0064 0.2850

EGARCH(1,1) ND -4.3570 -4.3325 4001.39 0.0186 0.0251

EGARCH(1,1) STD -4.4027 -4.3741 4031.13 0.1951 0.6350

EGARCH(1,1) GED -4.3865 -4.3579 4020.97 0.0265 0.6673

From Table 4.13, we observed that GARCH (1,1), TGARCH (1,1) and EGARCH (1,1)

models under normal distribution (ND), student’s t-distribution (STD) and generalized
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error distribution (GED) assumptions of S&P 500-return were selected as the candidate

models using minimum Akaike Information Criteria (AIC), minimum Schwarz Informa-

tion Criterion (SIC) and maximum log likelihood with significant p value of parameters

( p-value less than 5%). Thus, based on the minimum information criteria, maximum

log likelihood and significant coefficients, GARCH (1,1) with GED assumption for S&P

500-return is identified as the best performing model among the selected candidate mod-

els. The distribution is GED that reveals it is leptokurtic.

The conditional variance equation of S&P 500-return in GARCH (1,1) GED is:

s2
t = a0 +a1e2

t�1 +b1s2
t�1 (4.8.9)

s2
t = 0:0000036 + 0:1668e2

t�1 + 0:8145s2
t�1 (4.8.10)

From Equation 4.8.10 above indicates that the volatility of returns is persistent, with a1 +

b1 equal to 0.97 (close to unity) which is mean reverting. Moreover, stationarity condition

the magnitude of a1 +b1 < 1 is satisfied and it shows that the conditional variance of S&P

500 return series is stable and predictable.

After the identification of GARCH -type, we estimated the conditional volatility of S&P

500 stock return and the forecasting performance is 0.0000286, 0.005352 and 0.004516

in mean squared error, root mean squared error and mean absolute error respectively in

the out sample test data.

The fitness of the actual volatility which is the logarithmic return of S&P 500 with con-

ditional volatility obtained from GARCH (1,1)-GED in the training data and the test data

with forecasted volatility are depicted in Figure 4.11.

S&P 500 results in hybrid models

We imported the units of CNN and LSTM from tensorflow and keras library in python

software. From estimated conditional volatility splits into 2019-06-10 to 2023-03-08(944)
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FIGURE 4.11: Actual vs conditional volatility by GARCH

for training, 2023-03-09 to 2023-10-30 (163) for validation and 2023-10-31 to 2024-06-

06 (151) for test (outsamples).

Based on this partition, we trained and test different hybrid models. In the first part, we

trained this output conditional volatility into the input CNN -LSTM hybrid model with

20 time steps (lookbacks),75% time splits, 11 number of folds and hyperparameters in

Table 4.14. Hyperparameter tuning is based on a trial-and-error (random search method)

in minimum metrics.

TABLE 4.14: CNN and LSTM hyperparametrs

Model Activation Pool kernel Number of Optimizer epoch Batch

function size filters/units size

CNN ReLU 2 3 64 Adam(lr=0.0001-0.0005) 120-200 32

LSTM sigmoid, tanh 50 Adam(lr=0.0001-0.0005) 120-200 32

The loss value in the first fold of GARCH-CNN-LSTM training process is depicted in Fig-

ure 4.12 and almost similar figures are observed in the process which validate the training.
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FIGURE 4.12: loss value in the process of training

Furthermore, the fittness of actual, predicted from GARCH and predicted volatility from

GARCH-CNN-LSTM of out-sample data set and the comparison of the predicted and

actual test data (realized volatility of the out-sample set) is depicted in Figure 4.13.

The forecasting performance of GARCH-CNN-LSTM hybrid model in outsample data

set by the loss functions MSE, RMSE and MAE is depicted in Table 4.15.

The experiment of GARCH-LSTM is processed by taking the output of GARCH (1,1) as

the input for LSTM with the same training, validation and test set data size as GARCH-

CNN-LSTM and the same kind and number of parameters and hyperparameters. The

fittness of predicted versus test data is plotted at Figure 4.14.

Keeping the parameters and hyperparamers as it is and taking S&P 500 stock return as

the input for CNN integration into LSTM with the same size of training, validation and

test data is carried out for CNN-LSTM hybrid model. Comparatively the performance of

this model is stated at Table 4.15. Usng the conditional volatility of GARCH (1,1) with

the same size validation, test data and hyper parametres as GARCH-CNN-LSTM only
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FIGURE 4.13: Actual vs predicted in-sample outsample plot for GARCH-
CNN-LSTM

FIGURE 4.14: Actual vs predicted insample outsample plot for GARCH-
LSTM

changng the the order CNN and LSTM deep learning models the hybrid GARCH-LSTM-

CNN is experimented and volatility forecasting performance in mean square error, root
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mean square error and mean absolute error is depicted at Table 4.15.

The loss value during the training process as well as the fitness of predictions with the ac-

tual data in training set, validation with actual data in validation set and with predictions

in test data are depicted in Figure 4.15 and Figure 4.16 for CNN-LSTM and GARCH-

LSTM-CNN models respectively.

FIGURE 4.15: Actual vs predited insample and outsample plot for
GARCH-LSTM-CNN

TABLE 4.15: Forecasting performance of the models in out-sample data

Metrics GARCH GARCH GARCH GARCH

CNN-LSTM LSTM CNN-LSTM LSTM-CNN

MSE 0.00002865 0.00002524 0.00002741 0.00002813 0.000027631

RMSE 0.005352 0.005024 0.005235 0.005304 0.005256

MAE 0.004516 0.004218 0.004515 0.004685 0.004553
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From Table 4.15, the minimum values in mean square error, root mean square error and

mean absolute errors we observe that GARCH-CNN-LSTM has the lowest values in the

three metrics and GARCH-LSTM has the second lowest values, where as GARCH has

the highest values which indicates that GARCH-CNN-LSTM is the most accurate model

in forecasting the volatility of S&P 500 stock price and GARCH-LSTM is the second

one. GARCH performs worst among the compared models in the volatility predicting

performance of the S&P 500 stock price. The S&P 500 stock price volatility prediction

power of GARCH-LSTM-CNN less than GARCH-CNN-LSTM the sequential input and

output matters.

FIGURE 4.16: CNN-LSTM actual and predicted plot

Table 4.16 shows the lower the statistical value and upper triangular the p-value of Diebold

Mariano test results for the same number of outsample days. The models have compa-

rable accuracy as all the p-values are significant at 5% significant lablel. This indicates

that each model has different volatility prediction performance in S&P 500 stock market

dynamics.
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TABLE 4.16: Diebold Mariano (DM) test results

GARCH GARCH GARCH GARCH

CNN-LSTM LSTM CNN-LSTM LSTM-CNN

GARCH 0 0 0 0.03

GARCH-CNN-LSTM 3.65 0 0 0

GARCH-LSTM 3.62 2.10 0 0

CNN-LSTM 3.09 2.41 3.61 0

GARCH-LSTM-CNN 1.8 3.56 3.64 3.61

Although deep learning algorithms have an ability of better forecasting in time series,

they have drawbacks in parameter setting as tunning is based on trial and error depending

on the nature of data [110].

4.9 Conclusions

The weekly log-returns of mixed teff, wheat, barley and maize in the study period and

area using Akaike Information Criterion (AIC), Schwarz Information Criteria (SIC), Log-

likelihood and significance of the parameters with alternative error distributions, we con-

clude that GARCH family models, specifically GARCH(1,1) with Generalized Error Dis-

tribution (GED) for teff and barley, and EGARCH (1,1) with Student’s t Distribution

(STD) for wheat and maize, effectively model and forecast of the price volatility of these

agricultural commodities. The study found evidence of asymmetry in volatility, where

negative news has a stronger impact on price variance than positive news for wheat and

maize. These models provide valuable insights for producers, consumers, and traders to

anticipate market price fluctuations and make informed decisions to reduce price volatil-

ity in these staple crops.
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The volatility of S&P 500 stock returns has been analyzed using symmetric GARCH,

asymmetric TGARCH, and EGARCH models, evaluated under normal, Student’s t, and

generalized error distributions. Based on criteria such as the minimum Akaike Informa-

tion Criterion (AIC) and maximum log-likelihood with significant statistical coefficients,

the GARCH (1,1) model with a generalized error distribution outperforms other GARCH

extensions in predicting S&P 500 stock price volatility. Additionally, we computed the

conditional volatility of S&P 500 stock prices during the study period, providing input for

hybrid CNN and LSTM neural network models.

The integration of GARCH with LSTM in forecasting S&P 500 stock price volatility per-

forms effectively, evidenced by low MSE, RMSE, and MAE values in out-of-sample data.

GARCH captures spatial volatility features such as volatility clustering, while LSTM cap-

tures long-term memory persistence. Similarly, the hybrid model GARCH-CNN-LSTM

slightly outperforms in volatility forecasting, leveraging CNN’s ability to recognize spa-

tial patterns in the time series data, as indicated by the same metrics and out-of-sample

data. The combination of CNN and LSTM shows the lowest performance in terms of high

MSE, RMSE, and MAE values on the same out-of-sample data. When forecasting the

volatility of S&P 500 stock prices, the GARCH-LSTM-CNN hybrid model performs bet-

ter than CNN-LSTM but not as well as either GARCH-LSTM or GARCH-CNN-LSTM

hybrid models.

In this thesis, we focus only on the closing price of the stock. However, incorporating

additional factors such as volume, trading activity, and optimizing parameters and hy-

perparameters selection methods will enhance the accuracy of predicting S&P 500 stock

price volatility.

In summary GARCH-CNN-LSTM is best out performs in the forecasting volatility of
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S&P 500 stock price upto 13% accuracy improvement in the study period and GARCH-

LSTM is the second most out performs well. Improved predictive abilities of forecasting

the volatility of S&p 500 stock price is pivotal for the decision of finance and risk man-

agement in stock market trading.
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Chapter 5

Volatility and Correlation of Stock

Markets and Some Agricultural

Commodities based on DCC-EGARCH

and LSTM

5.1 Introduction

Accurate modeling and forecasting of volatility and spillover effects among financial as-

sets play a pivotal role in understanding and managing market risks, particularly within

the increasingly interconnected landscape of international stock markets and major agri-

cultural commodity markets. Price fluctuations in global stock indices and staple agri-

cultural commodities not only affect investors and policymakers but also have profound

implications for economic stability and consumer food security.

Multivariate Generalized Autoregressive Conditional Heteroskedasticity (GARCH)-type

models have long served as a cornerstone for capturing time-varying volatility clustering

and dynamic correlations among asset returns. However, symmetric multivariate GARCH
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specifications often encounter limitations related to high dimensional, nonlinear depen-

dence structures, and limited flexibility in adapting to structural market changes.

Recent advances in deep learning, particularly recurrent architectures such as Long Short-

Term Memory (LSTM) networks, have demonstrated strong capabilities in capturing

complex nonlinear temporal patterns and long-range dependencies in financial time se-

ries. Consequently, hybrid modeling frameworks that integrate multivariate EGARCH-

type structures with LSTM networks have emerged as promising approaches for improv-

ing volatility and correlation forecasting performance..

Multivariate econometric correlation models like DCC has drawbacks or limitation in

forecasting the time varying relation ship of assets such as conditional correlations some-

times appearing limited flexibility for tail dependence and nonlinearities that is almost

constant or indistinguishable and suffers from the curse of dimensionality, and param-

eter estimates tend to have severe negative biases, causing the estimated correlations to

become unnaturally smooth or nearly static [137]. Moreover among these, the number

of variables increases, estimating parameters becomes more complex and less reliable in

high frequency financial data. Moreover they rely on parametric assumptions like station-

arity and linearity which may not be practical and hence struggle to capture non linear

dependency. Other multivariate models like BEKK requires large number of parameters

in the matrices that leads overfitting and instability [80]. In addition, these multivari-

ate covariance models requires a significant computational material particularly for large

number of variables. To reduce such limitations deep learning models like Long Short-

Term memory has been recently applied in finance and economics in forecasting stock

market correlations and other asset prices. The DCC-LSTM hybrid model is a novel

methodology which contains DCC-EGARCH and LSTM designed to forecast the con-

ditional correlation between two assets and their volatilities by combining the strengths

of both EGARCH (exponential generalized autoregressive conditional heteroskedasticity)
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models in asymmetric shocks for volatility estimation and LSTM networks for capturing

complex temporal patterns of DCC.

5.2 Data description and Methods

5.2.1 Source and Description of Data

We collected historical closing price time series data for the S&P 500, Shanghai Compos-

ite Index (SHCOMP), NIFTY 50, and Toronto Composite Index (TSX) from 4 January,

2016, to 25 October, 2024, sourced from Yahoo Finance. A total of 2,298 trading days

were analyzed. Missing values were imputed using two average values. We took also

weekly retail price data of teff, wheat and maize from 1 September 2010 to 23 June 2022

from centeral statistical agency of Ethiopia. To simplify statistical analysis and ensure

stationarity, the data was transformed into log returns. Additionally, the data was divided

into two portions: the training set, which comprised 80% of the data, and the test set,

which made up of the remaining 20 % to evaluate the model’s performance. The time se-

ries plots of S&P 500, SHCOMP, NIFTY 50 and TSX of stock prices and teff, wheat and

maize prices are non-stationary; however, their logarithmic returns exhibit stationarity, as

illustrated in Figure 5.1 and Figure 5.2. Additionally, the ADF test results in Table 5.2

clearly shows that the t-statistics for the returns of S&P 500, SHCOMP, NIFTY 50, and

TSX stocks as well as teff, wheat and maize are all greater than the critical value at the 5%

significance level, with significant p-values. This confirms that the returns are stationary,

indicating that they are mean-reverting.

From Table 5.1, it indicates the ARCH -LM statistics of the returns. The p-values show

rejecting the null hypothesis of "no ARCH effect" at a 5% significant level, which suggests

each of the log returns presents heteroskedasticity (time-varying volatility). Therefore,

GARCH family models are better fitting for forecasting the volatility.
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FIGURE 5.1: stock indices

FIGURE 5.2: retail price of staple crops
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FIGURE 5.3: Daily stock returns

FIGURE 5.4: log return of staple crops

5.2.2 Multivariate GARCH family Models

Multivariate generalized autoregressive conditional heteroskedasticity (MGARCH) is an

extension of univariate GARCH that has a vector of n returns at time t and described as:

rt =mt + et

=mt +H
1
2

t zt ; zt � N(0; I)
(5.2.1)
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TABLE 5.1: ARCH LM test of Stock returns an staple crops

Returns F-statistic P-value
S&P 500 116.03 0.0000
SHCOMP 20.36 0.0000
NIFTY 50 63.73 0.0000
TSX 96.04 0.0000
Teff 26.01 0.0000
Wheat 38.67 0.0000
Maize 6.90 0.0088

TABLE 5.2: Unit root tests for Stock indice and Some Commoditity returns

ADF test critical values

Variables t-statistics 1% 5 % 10 % p-value

S&P500 -61.5885 -3.4330 -2.8626 -2.5674 0.0001

SHCOMP -31.5642 -3.4330 -2.8626 -2.5674 0.0001

NIFTY 50 -20.5903 -3.4330 -2.8626 -2.5674 0.0001

TSX -14.6294 -3.4330 -2.8626 -2.5674 0.0001

Teff -16.2573 -3.4415 -2.8664 -2.5694 0.0000

Wheat -19.3078 -3.4415 -2.8664 -2.5694 0.0000

Maize -12.9560 -3.4415 -2.8664 -2.5694 0.0000

where mt is the conditional mean vector. From Equation 5.2.1 when the mean is zero, the

equation is reduced to:

rt = et (5.2.2)

In this case, covariance of two asset expressed as:

Ht =a0 +
q

å
i=1

airt�ir0t�i +
p

å
i=1

biHt�i

=a0 +
q

å
i=1

aiet�ie 0t�i +
p

å
i=1

biHt�i

(5.2.3)

The general multivariate GARCH (p, q) conditional covariance matrix Ht is expressed as:
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Ht = C +
q

å
i=1

Aiet�ie 0t�iA
0
i +

p

å
j=1

B jHt� jB0j (5.2.4)

where:

Ht is the n�n conditional covariance matrix at time t, et is the n�1 vector of residuals

(innovations), C is a symmetric positive definite n� n matrix ( constant component), Ai

and B j are n�n coefficient matrices that captures lag of residuals and covariance respec-

tively, p and q are the GARCH and ARCH orders, respectively. The other parametrization

form of multivariate model is vector error correction (VEC) using the lower part of previ-

ous lag residual and covariance matrices that is described as:

vech(Ht) = c+
q

å
i=1

Ai vech(et�ie 0t�i)+
p

å
j=1

B j vech(Ht� j); (5.2.5)

where Ht is the conditional covariance matrix of the residuals at time t, et is the vector

of residuals, vech(�) is the operator that stacks the lower triangular part of a matrix into

a vector, c is a vector of n(n+1)
2 , Ai and B j are matrices of n(n+1)

2 xn(n+1)
2 , n number of

variables. when the orders p, q = 1, this equation is reduced to:

vech(Ht) = c +Avech(et�1e 0t�1)+Bvech(Ht�1) (5.2.6)

In this model Ht is positive definite for each t and the number of parameters is n(n+1)
2 +

(p+q)(n(n+1)
2 )2 which is difficult to estimate due to large parametrization.

To confirm the positive definiteness , Baba, Engle, Kraft and Kroner (1990) (BEKK)

proposed the model:

Ht = CC0+
q

å
i=1

N

å
k=1

Aiket�i;ke 0t�i;kA
0
ik +

p

å
j=1

N

å
k=1

B jkHt� jB0jk; (5.2.7)
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where Aik, B jk and nxn matrices, C is a lower triangular matrix that guarantee the positive

definiteness of the covariance Ht . The order one for this model is expressed as:

Ht = CC0+Aet�1e 0t�1A0+BHt�1B0 (5.2.8)

with each term is positive definite. The number of parameters is still large computation-

ally complex.

A modification was made by Engles (2002) [77] called the dynamic conditional correla-

tion (DCC) of time varying covariance matrix Ht decomposed into conditional standard

deviation Dt and a dynamic correlation matrix Rt and mathematically expressed as:

Ht = DtRtDt ; (5.2.9)

where Dt is the diagonal matrix of size n and given by:

Dt = diag(
p

ht) (5.2.10)

Or in matrix form Dt =

0

BBBBBBB@

p
h1;t 0 0 ::: 0

0
p

h2;t 0 ::: 0
... � � � . . . � � �

...

0 0 ::: 0
p

hn;t

1

CCCCCCCA

.

Each element hi;t is the conditional volatility of each asset i and can be expressed in

univariate EGARCH(1,1) as:

loghi;t = w +a
j et�1 jp

hi;t�1
+ g

et�1p
hi;t�1

+b loghi;t�1: (5.2.11)
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The correlation matrix has a symmetric form as: Rt =

0

BBBBBBB@

1 r12;t r13;t ::: r1n;t

r12;t 1 r23;t ::: r2n;t
... � � � . . . � � �

...

r1n;t r2n;t r3n;t ::: 1

1

CCCCCCCA

.

This symmetric matrix is a positive definite as the covariance matrix Ht positive definite

and the magnitude of each entry is less than or equal to one.

For constant conditional correlation (CCC) Equation 5.2.9 is expressed as

Ht = DtRDt (5.2.12)

The multivariate GARCH model introduced by Engle (2002) expressed in Equation 5.2.12

shows the dynamic relationship of two time varying stock market process. The dynamic

conditional correlation model Rt with GARCH(1,1) covariance of standard residuals is

described into

Rt = diag(Q�1=2
t )Qtdiag(Q�1=2

t ) ; (5.2.13)

where

Qt = Q̄(1�a�b)+azt�1z0t�1 +bQt�1; (5.2.14)

where Q̄ is unconditional covariance , Qt is the conditional covariance at time t, a and b

are the joint shock and covariance parameters respectively and z & z0 are standard residu-

als. The condition a > 0, b > 0 and a+b < 1 which is the mean reversion process. When

a+b = 1 , Equation 5.2.14 is reduced into:

Qt = a(zt�1z0t�1)+bQt�1

= (1�l )(zt�1z0t�1)+lQt�1; (5.2.15)
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where l = b.

The process follows exponential smoother matrix of the standard residuals and uncondi-

tional covariance matrix Q̄ described as.

Q̄ = cov(ztz0t) (5.2.16)

particularly, In DCC-GARCH model the conditional correlation is expressed as:

ri j;t =
qi j;tp

hi;t
p

h j;t
; (5.2.17)

where ri j;t is the conditional correlation between two stocks , qi j;t is the covariance of

the two stocks and
p

hi;t &
p

h j;t are the standard deviations of each single stocks in the

GARCH(1,1) process.

5.2.3 Multivariate Hybribrid Models

Steps in multivariate hybrid Models.

1. Fit the asymmetric univariate GARCH models to the individual asset return vari-

ances and then use the DCC model to estimate time-varying dynamic correlations

between assets based on the standardized residuals from the GARCH models.

2. Extract the conditional variance estimates from EGARCH and the conditional cor-

relation estimates from DCC as time series features. The long run correlations,

the residuals from the dynamic conditional correlation (DCC) and estmated rolling

window of time varying correlation serves as the input to LSTM. This hybrid model

integrates these two powerful techniques to effectively handle the prediction of dy-

namic conditional correlation of two assets, and the asymmetric GARCH (EGARCH)

captures the volatility clustering and leverage effect in financial time series data.

.
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3. Feed these EGARCH/DCC time-varying variance and correlation sequences into

LSTM network as input features to model complex nonlinear dependencies and

temporal dynamics that traditional GARCH and DCC might not capture fully.

4. Train the LSTM network and Compare the forecast with econometric correlation

models using the performance error metrics.

5.3 Results and discussion

As previously stated, this analysis is based on the daily closing price returns of four stock

market indices and the weekly retail price returns of three selected staple crops, all of

which are stationary and heteroscedastic.

TABLE 5.3: Descriptive statistics of asset returns

Stock Mean Max. Min Std.Dev Skewness Kurtosis Jarque-Bera P-value

S&P 500 0.0005 0.2593 -0.2634 0.0136 -0.682 129.3 1287 0.0001

SHCOMP 0.0000 0.0775 -0.0730 0.0104 -0.4571 9.9561 4712 0.0000

NIFTY 50 0.0005 0.0641 -0.1390 0.0101 -1.6710 26.723 54934 0.0000

TSX 0.0003 0.1129 -0.1318 0.0094 -1.7843 49.2872 20629 0.0000

Teff 0.0038 0.1281 -0.1988 0.02694 -0.4618 10.72 1449.1 0.0000

Wheat 0.0040 0.2346 -0.2436 0.0345 -0.8404 16.80 4630.5 0.0000

Maize 0.0040 0.1730 -0.3739 0.0389 -1.438 23.77 10534 0.0000

From the descriptive statistics in Table 5.3, S&P 500 stock return has maximum and

minimum values of 0.2593 and -0.2634, respectively, which are highly deviated from the

mean of 0.0005. Moreover, the skewness and kurtosis of the S&P 500 stock return dis-

tribution indicate negatively skewed and leptokurtic. Similarly, SHCOMP, NIFTY 50,

and TSX returns have maximum values of 0.0775, 0.0641, and 0.1129, and minimum

values of -0.0730, -0.1390, and -0.1318, respectively, that depart from their mean of 0.
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For agricultural commodities maximum values are 0.1281, 0.2346 and 0.1739 and mini-

mum values are -0.1988, -0.2436, and -0.3739 for teff, wheat and maize respectively. The

means of these teff, wheat and maize are 0.0038, 0.0040 and 0.0040 repectively which is

almost the same. Additionally, all are negatively skewed. Furthermore, Figure 5.3 daily

return series and Figure 5.4 weekly returns revealed that high volatility was followed by

a high volatility period and small volatility stylized to small volatility.

Among the univriate candidate models, GARCH(1,1), TGARCH(1,1), and EGARCH(1,1),

the best-performing model is selected based on the Minimum Akaike Information Crite-

rion (AIC), Minimum Schwarz Information Criterion (SIC), and maximum log-likelihood,

with parameter p-values less than 5% and from alternative univariate distributions. Based

on these criteria, the EGARCH (1,1) model is chosen as the best model for forecasting

the volatility of stocks. Where as, GARCH(1,1), EGARCH(1,1) and EGARCH(1,1) are

selected for teff, wheat and maize respectively.

From Table 5.4, the coefficient of lag volatility b is significant (p-value is zero) for all

stocks and 0.97, which is near to 1, that confirms strong persistence and the lag volatility

has a high impact on the current volatility. The leverage effect g is significant for each

stock indices that indicates the volatility is asymmetric. But, its magnitude is very small

that shows the existence of little leverage effect. The magnitude of b is less than 1 which

satiesfies the stationary condition and strongly persistent as it is closer to 1.

Granger causality is a statistical concept used to test whether one time series can help

in the prediction of another. Volatility causality or spillover effect is a test that indicates

the wether the past conditional variance or volatility of one asset causes the variance or

volatility of the other asset and the vice versa.

Table 5.7 explores bi-directional Granger causality ( spillover effects) between pairs of
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TABLE 5.4: parameter estimates of DCC-EGARCH stock markets

Stocks parameters values SE p-value

w -0.2927 0.0094 0.0000

S&P 500 a 0.1880 0.0233 0.0000

g -0.1648 0.0168 0.0000

b 0.9700 0.0009 0.0000

w -0.2507 0.0066 0.0000

SHCOMP a 0.1848 0.0250 0.0000

g -0.0436 0.0164 0.0078

b 0.9730 0.0007 0.0000

w -0.2667 0.0108 0.0000

NIFTY 50 a 0.1246 0.0183 0.0000

g -0.1036 0.0145 0.0000

b 0.9725 0.0011 0.0000

w -0.2507 0.0174 0.0000

TSX a 0.1637 0.0436 0.0000

g -0.1343 0.0157 0.0000

b 0.9756 0.0019 0.0000

S&P 500 - SHCOMP DCC a 0.0038 0.0040 0.3440

DCC b 0.9841 0.0098 0.0000

S&P 500 - NIFTY 50 DCC a 0.0092 0.0134 0.4831

DCC b 0.7720 0.4216 0.0467

S&P 500 - TSX DCC a 0.0387 0.0171 0.0239

DCC b 0.8006 0.0429 0.0000

SHCOMP - NIFTY 50 DCC a 0.0178 0.0122 0.1451

DCC b 0.9084 0.0557 0.0000

SHCOMP - TSX DCC a 0.0000 0.0090 0.9914

DCC b 0.9155 0.3165 0.0038

NIFTY 50 - TSX DCC a 0.0117 0.0111 0.2903

DCC b 0.9158 0.0628 0.0000
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TABLE 5.5: Parameter estimates of DCC-GARCH type Teff,Wheat and
Maize

Cereals parameters values SE p-value

w 0.0002 0.00005 0.0000

Teff a 0.5474 0.1672 0.0011

b 0.2524 0.1205 0.0363

w -0.4886 0.0225 0.0000

Wheat a 0.9083 0.0329 0.0000

g -0.2151 0.0197 0.8281

b 0.4160 0.0023 0.0000

w -0.3344 0.0219 0.0000

Maize a 0.1778 0.0514 0.0005

g -0.0951 0.0225 0.0000

b 0.9642 0.0025 0.0000

Teff - Wheat DCC a 0.0050 0.0036 0.1648

DCC b 0.9852 0.0087 0.0000

Teff - Maize DCC a 0.0275 0.0198 0.1648

DCC b 0.6986 0.0941 0.0000

Wheat - Maize DCC a 0.0244 0.0090 0.0065

DCC b 0.8946 0.0349 0.0000

TABLE 5.6: Actual vs Conditional volatility of Stocks in out sample data

Metrics S&P 500 SHCOMP NIFTY 50 TSX

MSE 0.00002865 0.00005609 0.00003294 0.00002307

RMSE 0.005352 0.007489 0.005740 0.004804

MAE 0.004516 0.005363 0.004267 0.004217

stocks. In the case of NIFTY 50 and S&P 500, there is no risk transmision from NIFTY

50 to S&P 500 as the as the F-statistic is not significant. But, the volatility (variance) of

S&P 500 has an effect on NIFTY 50 as F-statistics is significant. In case of TSX and

NIFTY 50 both have directional feed back effects that the variance of one indices has
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FIGURE 5.5: Conditional vs actual volatility of stocks

TABLE 5.7: Causality test of Stock returns

Returns F-statistic P-value

NIFTY 50 does not Granger cause S&P 500 0.635 0.4256

S&P 500 does not Granger cause NIFTY 50 116.3 0.0000

SHCOMP does not Granger cause S&P 500 1.766 0.1830

S&P 500 does not Granger cause SHCOMP 11.68 0.0006

TSX does not Granger cause S&P 500 2.60 0.1066

S&P 500 does not Granger cause TSX 12.35 0.0004

SHCOMP does not Granger cause NIFTY 50 2.66 0.1013

NIFTY 50 does not Granger cause SHCOMP 2.09 0.1420

TSX does not Granger cause NIFTY 50 111.6 0.0000

NIFTY 50 does not Granger cause TSX 11.56 0.0007

TSX does not Granger cause SHCOMP 3.04 0.0813

SHCOMP does not Granger cause TSX 1.185 0.2763

an effect on the variation of the other indice. The F-statistics of Shanghai composite in-

dex (SHCOMP) is not significant for S&P 50, NIFTY 50 and TSX which indicates that

volatility transmition almost none. On the contrary volatility of S&P 500 has effect on
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for all stock indices as, the p-value is significant. Overall, the results show a range of

predictive relationships among these major stock indices, with volatility some markets

influence the others, and some being primarily followers.

In the same Table 5.4, the coefficient of standardized residuals (DCC-a) in the dynamic

conditional covariance of S&P 500 with SHCOMP, S&P 500 with NIFTY 50 , and

SHCOMP with TSX is not significant; which show the conditional correlations between

these markets are persistent and tends to stable for longer period of days. New shocks

or temporay shocks in returns do not change the correlation of the stocks. On the other

hand DCC-b is significant implies that the existing correlation pattern persists, possibly

reflecting stable financial or economic linkages over time rather than short-term conta-

gion. However, DCC-a in TSX with S&P 500 is significant and DCC-b is also significant

reveals that temporary shocks in the lag stocks alter the dyamic correlation of the stocks

or has an effect at covariance matrix. Not only the significance of coefficient, but their

magnitude of the parameters influence the covariance matrix.

For agricultural commodities or staple crops in Table 5.5 the asymmeteric coefficient g

is significant and negative for wheat and maize which indicates that bad shocks increases

the volatility. The size of b for teff and wheat are 0.2524 and 0.4160 respectively ,which

demonstrates that the lag volatility has low impact on the current volatility and has high

impact from the previuos shocks. But, for Maize b is 0.96 that indicadtes the variance

highly persistent and a is 0.1778 the temporay shocks has low impact on the current vari-

ance. The joint correlation coefficients DCC-a is not significant for both teff with wheat

and teff with maize that show the standardized residuals has no short term effect on the

correlation of assets. In case of wheat with maize eventhough DCC-a is significant the im-

pact is low as the value is 0.0275. The coefficient of lag covariance DCC-b which are 0.98

and 0.89 in teff with wheat and wheat with maize are significant and strongly influences

on the current covariance respectively. Regarding to teff with maize DCC-b is moderate.



5.3. Results and discussion 85

So, the weekly correlation between these staple crops is persistent and temporay shock of

one has little effect on the other.

TABLE 5.8: Descriptive statistics of DCC correlation

Stock Mean Max. Min Std.Dev Skewness Kurtosis

S&P 500 - SHCOMP 0.1185 0.3112 -0.0798 0.0429 -0.1062 2.71

S&P 500 - NIFTY 50 0.2060 0.5625 -0.0923 0.0490 0.3841 6.84

S&P 500 - TSX 0.6745 0.8727 0.2786 0.0344 -2.499 25.26

SHCOMP - NIFTY 50 0.1976 0.5145 -0.1917 0.0512 0.0184 5.52

SHCOMP - TSX 0.1568 0.4051 -0.1284 0.0442 -0.0614 3.31

NIFTY 50 - TSX 0.2496 0.5913 -0.0161 0.0523 0.2145 5.20

Teff - Wheat 0.0815 0.3509 -0.1564 0.0575 0.3308 2.49

Teff - Maize 0.1598 0.6441 -0.0922 0.0746 0.8953 5.94

Wheat - Maize 0.1800 0.5453 -0.0589 0.0669 0.6621 3.54

During the study period the mean of dynamic conditional correlation (DCC) between

pairs of stocks, as shown in Table 5.8, reveals that the S&P 500 has a moderate positive

correlation - TSX, indicating a fairly strong positive relationship between the S&P 500

and TSX stock market indices. However, the correlations between S&P 500 - SHCOMP,

S&P 500 with NIFTY 50, SHCOMP - NIFTY 50, and NIFTY 50 - TSX are weak positive

correlations, suggesting a slight tendency for these variables to move together, but not

with a strong relationship. The mean of the dynamic correlations of returns in agricultural

commodities in Table 5.10 indicates that there is almost no correlation among the pairs of

assets, as the maximum value of 0.2358 occurs between wheat and maize..

The numerical values in Table 5.9 demonstrate the constant relationship between the

stocks in the study period.

Figure 5.7 shows the dynamic conditional correlations of four stock returns from January
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TABLE 5.9: Long-run (unconditional) correlation of the stocks

Stock S&P 500 SHCOMP NIFTY 50 TSX

S&P 500 1 0.1393 0.2990 0.8054

SHCOMP 0.1393 1 0.2232 0.1741

NIFTY 50 0.2990 0.2232 1 0.3870

TSX 0.8054 0.1741 0.3870 1

FIGURE 5.6: Long-run (unconditional) correlation heatmap

TABLE 5.10: Long-run (unconditional) correlation of agricultural com-
modities

Commodity Teff Wheat Maize

Teff 1 0.1283 0.1970

Wheat 0.1283 1 0.2358

Maize 0.1970 0.2358 1

2016 to October 2024 (using a rolling window of 120 days) and the corresponding out-

of-sample predictions. Moreover, it demonstrates that the dynamic correlations among all

pairs of stocks rise significantly in a positive direction during the COVID-19 pandemic,

reflecting periods of market crises and heightened uncertainty that created abnormal mar-

ket conditions.
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Regarding staple crops, Figure 5.8 presents the time-varying conditional correlations

of teff, wheat, and maize from 1 September 2010 to 23 June 2022, using a window size

of 60 days. The prediction results from the DCC-EGARCH and DCC- EGARCH-LSTM

models are also illustrated in the figures.

FIGURE 5.7: proxy vs prediction correlations in the out sample data

Additionally, the correlation between S&P 500 - wheat in the same time period and fre-

quency (weekly) price data of the returns it indicates no co movement relation. In partic-

ular the Pearson’s correlation coeffient is -0.009. Moreover, the mean of the time varying

correlation between them in window size 30 and 90 are -0.040 and -0.02 respectively. Ad-

ditionally the mean, maximum and minimum of the DCC are the same and it is -0.0308

which confirms the variation of S&P 500 return does not have any effect on the wheat

retail price return and the vice versa in the study period. This is reasonabliy accepted that

the variation of S&P 500 weekly index in US has no any correlation with the weekly retail

price of wheat in Ethiopia.
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FIGURE 5.8: Time varying correlations of teff,wheat and maize

FIGURE 5.9: Time varying correlations of S&P 500 - wheat

Finally, testing the applicability of integrating LSTM in DCC-EGARCH, we split the

data into train and test. Among these 06-20-2016 to 02-22-2023 ( 1742 trading days) for

training and from 02-23-2023 to 10-25-2024 ( 436 trading days) for test samples. Sim-

ilar perentage of partition for staple crops from 02-11-2011 to 06-12-2020 for training

and 06-19-2020 to 8-23-2022 for test samples. we take 20 lookbacks (time steps), 80%

time splits, 11 number of folds, 3 layers, Dense (1), dropout (0.2) and hyperparameters in
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Table 5.11. The selection of tuning or hyperparameters is random error (random search

method) in minimum metrics. Finally we compare using mean square error and mean

absolute errors.

TABLE 5.11: LSTM hyperparametrs

Model Activation Number of Optimizer Epoch Batch

function units size

LSTM Sigmoid,tanh 50 Adam(lr=0.0001-0.0005 120-200 32

loss=MSE)

TABLE 5.12: Forecasting performance in outsample data with window size
of 120

Pairs of DCC-EGARCH DCC-EGARCH-LSTM

Stocks MSE MAE MSE MAE

S&P 500 - SHCOMP 0.0110 0.0846 0.0089 0.0802

S&P 500 - NIFTY 50 0.0116 0.0881 0.0107 0.0836

S&P 500 - TSX 0.0081 0.0672 0.0072 0.0629

SHCOMP - NIFTY 50 0.0161 0.0933 0.0152 0.0872

SHCOMP - TSX 0.0069 0.0675 0.0052 0.0600

NIFTY 50 - TSX 0.0114 0.0899 0.0100 0.0848

TABLE 5.13: Forecasting performance in outsample data with rolling win-
dow 60

Pairs of DCC- EGARCH DCC-EGARCH-LSTM

Cereals MSE MAE MSE MAE

teff - wheat 0.0153 0.1046 0.0030 0.0438

teff - maize 0.0162 0.1107 0.0118 0.0956

wheat - maize 0.0552 0.2071 0.0075 0.0715
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Table 5.12 presents the mean square error (MSE) and mean absolute error (MAE) for two

models taking rolling window size of 120 days as proxy of actual dynamic correlation:

DCC-EGARCH and DCC-EGARCH-LSTM, applied to the dynamic conditional corre-

lations of six stock market pairs . S&P 500 with SHCOMP, DCC-EGARCH has MSE

of 0.0110 and MAE of 0.0846, while DCC-EGARCH-LSTM performs better with MSE

of 0.0089 and MAE of 0.0802. This suggests that adding LSTM to the model signifi-

cantly reduces both the MSE and MAE, enhancing predictive accuracy for this stock pair.

Similarly, for S&P 500 with NIFTY 50 and S&P 500 with TSX, DCC-EGARCH-LSTM

outperforms DCC-EGARCH in both metrics (lower MSE and MAE). The MSE for DCC-

EGARCH is 0.0116 and 0.0081, reducing to 0.0107 and 0.0072 with LSTM, respectively,

similarly by the metrics MAE, which highlights the model’s superior ability. In the case

of SHCOMP with NIFTY 50, DCC-EGARCH-LSTM achieves lower MSE (0.0152 vs.

0.0161) and slightly lower MAE (0.0872 vs. 0.0933), although the difference is not as

pronounced as in some other pairs. This suggests that still DCC-EGARCH-LSTM pro-

vides a better fit overall. The DCC-EGARCH-LSTM model performs noticeably better

with lower MSE (0.0052 vs. 0.0069) and MAE (0.0600 vs. 0.0675), which indicates its

ability to more accurately capture correlation patterns for SHCOMP with TSX. Lastly,

in the prediction of dynamic correlation between NIFTY 50 and TSX, DCC-EGARCH-

LSTM performs better than DCC-EGARCH.

The performance of DCC-EGARCH and DCC-EGARCH-LSTM in out sample data demon-

strates that the values of MSE and MAE for DCC-EGARCH are greater than the values of

DCC-EGARCH-LSTM for each pair of stock indices as well as the pairs of staple crops.

According to MSE and MAE metrics the performance range from 10 % to 24 % im-

provement. Based on this, DCC-EGARCH-LSTM performs better than DCC-EGARCH

in general, showing improved predictive power and an increase in accuracy. The perfor-

mance of the models as shown in Table 5.13 there is a significant reduction of MSE and

MAE from DCC-EGARCH to DCC-EGARCH combined with LSTM model in each of
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the three pairs.

TABLE 5.14: Diebold Mariano (DM)test results

DCC-EGARCH DCC-EGARCH

LSTM

DCC-EGARCH 5.17(2.3e-07)

DCC-EGARCH-LSTM 5.17(2.3e-07)

The Diebold Mariano test results in Table 5.14 with DM statistics 5.17 and the p-value

is almost zero at 5% significant level that confirms in outsample days, the models have

comparable accuracy and have different prediction performance in the correlation of stock

market dynamics.

The limitation of this part of the study is availability in free source high frequency data

, sufficient recent agricultural commodity data and parameter setting as tunning is based

on trial and error depending on the nature of data [110]. Additionally what conditions

whether economic or political or other that influence the dynamic correlation of the re-

sults. These drawbacks create opportunities for future research to explore the relationship

and co movement between the volatility of S&P 500, SHCOMP, NIFTY 50, and TSX

stock markets and selected commodities in the future time. Additionally, they pave the

way for the development of new models that can assist policymakers, investors, and port-

folio risk managers in making informed investment decisions in these markets.

5.4 Conclusions

Future market information about stock index, some agricultural commodity price corre-

lation and volatility considerably benefits shareholders, portfolio managers, consumers

and financiers to diversify and manage the risk of stock markets and retail asset prices.

Understanding the relationship and co-movement of stock markets enables the financial
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participants for risk alleviation and portfolio diversification. Additionally future informa-

tion about the volatilty and relationship of teff, wheat and maize helps market decision in

trading sterategies.

The estimation of the dynamic conditional correlation (DCC) model with exponential

generalized autoregressive conditional heteroskedasticity (EGARCH) plays a significant

role in capturing the time-varying relationships between financial markets. In this context,

the dynamic correlation of the S&P 500 with other indices, such as the Shanghai Com-

posite Index, the NIFTY 50 of India, and Tronto Composite Index (TSX) of Canada were

analyzed to understand the volatility and how stock market interdependencies evolve over

time across stocks. The relationship between S&P 500 - SHCOMP, S&P 500 - NIFTY

50, S&P 500 with TSX,SHCOMP - NIFTY 50, and NIFTY 50 - TSX correlation move-

ment were analyzed. Moreover, teff with wheat, teff with maize and wheat with maize

with weekly time series data in window size of 60 were discussed.

The combination of LSTM with the DCC-EGARCH model significantly improves the

predictive accuracy for forecasting the time varying correlation of stock market indice

and commodity asset returns. The performance of the models are compared by the met-

rics mean square error (MSE) and mean absolute error (MAE) between DCC-EGARCH

and DCC-EGARCH-LSTM and explicitly DCC-EGARCH-LSTM performs better than

other models for each pairs of stock market indice or argricultural commodoty returns.

For example, in the case of S&P 500 with SHCOMP, the DCC-EGARCH-LSTM model

both MSE and MAE decreases significantly, indicating its improved ability to capture dy-

namic correlations more accurately. This measurement is consistent in other stock pairs

and the retail price return of teff, wheat and maize correlations, specifically S&P 500 -

NIFTY 50, S&P 500 - TSX, and SHCOMP - TSX, where the DCC-EGARCH-LSTM

model consistently outperforms the DCC-EGARCH model, achieving lower error met-

rics. The performance of the model in various dynamic correlation has a range of 10% to
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24% accuracy improvements. We believe that, the proposed model is powerful because

it leverages the strengths of both statistical and machine learning techniques to handle

the complexities of financial data, such as non-linearities, long-range dependencies, and

volatility clustering generally.
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Conclusion and Future Works

6.1 Conclusion

Volatility and correlation forecasting are crucial endeavors in the financial assets, serv-

ing as the mainstay for risk assessment, portfolio diversification and investment decision.

This thesis has aimed to predict the volatility and correlation of financial assets using

conventional econometric models hybrid with more recently, deep learning technique ap-

proaches that leverage the strengths of both to achieve superior predictive performance.

First, a variety of symmetric and asymmetric GARCH-type models were estimated us-

ing different error distributions. The analysis of the selected staple crops shows that the

GARCH(1,1)–GED model provided the best fit for teff and barley price volatility, while

the EGARCH(1,1)–STD model was most appropriate for wheat and maize. Evidence of

asymmetry- where negative shocks exert a stronger influence on volatility than positive

shocks-was observed for both wheat and maize. Then, we examined hybrid deep learning

models to identify a better volatility forecasting approach for the S&P 500. In particular,

the GARCH(1,1)-GED model integrated with CNN and LSTM significantly improved the

accuracy of S&P 500 volatility forecasts compared with both the individual models and

the other hybrid models tested
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Secondly, the DCC-EGARC-LSTM model is the culmination of our thesis. It offers a

specialized LSTM recurrent neural network in exponential GARCH with dynamic condi-

tional correlation process. This multivariate model outperforms several established mod-

els and demonstrates versatility across diverse conventional DCC in financial data sets.

This hybrid approach is a reliable and robust method for time varying volatility and cor-

relation forecasting.

The main focus of this thesis is the complementary relationship between traditional econo-

metric models and modern machine-learning techniques. While each has merits and lim-

itations, their integration can lead to more accurate, interpretable, and versatile volatility

models. This is particularly important in the returns of financial markets, where dynamics

avenue are not simple.

The overall contribution of the research findings of this thesis are:

• Introduce novel hybrid econometric-deep learning GARCH-CNN-LSTM volatility

predictive model.

• We developed new DCC-EGARCH-LSTM model for better accurate and flexible

time varying correlation forecasting.

• It provides pre-information for stalkhoders like farmers, investors, traders and pol-

icy makers about the risk associated with market fluctuation of assets.

• Accurate prediction of volatility and correlation enables to reduce market risk, port-

folio diversificaion and efficient policy decision analysis.

• It provides the motivational information for researchers in the related thematic area.
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6.2 Future Works

In future, we will consider the following:

• Incorporation of Additional Market Factors

Future research could aim to include more comprehensive data inputs beyond close

price alone, such as trading volume, market sentiment indicators, macroeconomic

variables, and financial stress indices and other market areas. These factors could

enhance the robustness and accuracy of volatility and correlation forecasting mod-

els.

• Model Optimization and Hybridization

Further refinement of hybrid models that combine econometric methods (like ARFIMA)

with advanced machine learning techniques (like GRU, CNN, Transformers) con-

sidering jump components are essential. This includes exploring better hyperpa-

rameter tuning, model architecture optimization, and integration of emerging AI

algorithms for improved predictive performance.

• Broader Asset Classes and Market Conditions

Extending the application of forecasting models to a wider variety of asset classes

(including Gold, exchange rate index, consumer price index, cryptocurrencies, bonds,

and commodities beyond staples like teff, wheat, and maize) and testing in diverse

market conditions such as crises like civil war or high volatility periods will provide

greater insight into model generalizability and resilience.

• Real-time and High-Frequency Data Utilization

Utilizing high-frequency or intraday data could improve the granularity and real-

time forecasting capabilities of volatility and correlation models, aiding timely mar-

ket decisions and risk management. These directions align with ongoing challenges

in volatility forecasting, such as handling non-linearity, adapting to regime changes,
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and incorporating a richer set of predictive variables, aiming to empower market

participants with timely and accurate insights for better decision-making.

These directions align with ongoing challenges in volatility forecasting, such as handling

non-linearity, adapting to regime changes, and incorporating a richer set of predictive

variables, aiming to empower market participants with timely and accurate insights for

better decision-making.
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